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中 文 摘 要 ： 心理學、腦神經科學研究指出智能、人格、及文化差異等三
項人類因子所形成的個體差異將會對人類行為產生影響，但
其對個體及總體經濟行為的重要性及攸關性,，尤其是其所構
成的突現性複雜現象(emergent complexity), 卻才在實證經
濟學領域中萌芽。是故，本計劃藉由真人實驗與電腦模擬搭
配本研究首創之受試者資料庫，在雙方喊價市場、選美競
賽、艾法洛問題、最後通牒賽局、預測市場以及金融市場的
框架下探究不同智商、人格與文化下的經濟決策行為與學習
過程及其對總體行為的影響。
中文關鍵詞： 代理人基計算經濟學、實驗經濟學、腦神經經濟學、軟體代
理人、真人受測者、工作記憶、風險偏好、實驗受試者資料
庫、模組化、雙重系統
英 文 摘 要 ： In this project, we consider that the heterogeneity
and bounded rationality of human agents grounded in
their associated intelligence, personality, and
culture. While these three human factors have been
long studied by psychologists, neuroscientists, and
anthropologists, their economic significance or
relevance has just been established in recent
empirical economics, at both the micro and macro
level. Therefore, we established the ESD
(Experimental Subjects Database) and proposed two
methods to study the heterogeneous bounded-rational
agents: human experiments and agent-based
computational modeling. To study the relationship
between the human behaviors and those three human
factors, several experiments were conducted such as
double auction, ultimatum game, beauty contest game,
and El Faro Bar problem. Also, we study the behavior
of heterogeneous agents with different intelligence,
personality and culture in the prediction market and
financial market.
英文關鍵詞：

agent-based computational economics, experimental
economics, neuroeconomics, software agents, human
agents, working memory, risk preference, experimental
subject database, modularity, dual system.
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I.

認知、心理、與文化因子的突現性複雜現象：
整合代理人基計算經濟學、實驗經濟學、與腦神
經經濟學之研究架構

結案報告
1. Introduction
This final report is to summarize the findings of the above research project conducted
between years 2009 and 2012. The objectives of this project are to construct the ESD
(Experimental Subjects Database) system and to conduct human experiments and
agent-based simulations according to the findings in the human experiments. The
outcomes of ESD can be found in appendix 1. The results of human experiments and
agent-based simulations are stated in the following sections. Section 2 categorizes our
publications attributed to this project and the complete publication list can be found
in Section 5. Section 3 elucidates the research methodology and findings and
Section 4 records the academic activities we held to promote our research
contributions.
2. Research Contribution
This project involves various topics. Therefore, we categorize our publications
according to the topics as below:
(1) Double Auction[7][16][28][34][35][39][41][42][46][47][55][56][62[63][68]
(2) Ultimatum Game [54]
(3) Beauty Contest Game [47][63]
(4) El Farol Experiment Problem Game [20][48][50]
(5) Financial Market
[5][6][9][10][11][12][13][14][17][18][19][24][26][27][29][32][38][40][43][44][45]
[53][58][59][61][64][66]
(6) Prediction Market [25][30][42][43][56]
(7) Learning [16][22][28][35][69][70]
(8) Culture [31][57][67]
(9) Neuroeconomics [33]
(10) Modular Economy [37][51][54][65]
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3. Methodology and Results
In this section, we focus on the third year’s major research results 1. Given the nature
of the project, two main methodologies are adopted: experimental and computational.
The first methodology consist in designing and performing experiments with human
subjects in the experimental laboratory in order to test some hypothesis regarding the
subjects’ behavior, while the computational methodology consists in developing
agent-based computational models of social and economic systems and in performing
simulations to explore the model’s implications.
3.1 Experiments
3.1.1 Beauty Contest Game
According to the beauty contest experiment, we have learned that cognitive capacity
is crucial in human strategic reasoning, in particular, p-beauty contest game. In
concrete, high capacity subjects make more accurate prediction about average
opinions not only in the novel environments but also in the later periods where
learning involves. It turns out that high capacity subjects afford higher level of
reasoning than low capacity subjects. We found that a cognitive hierarchy corresponds
to a psychological invariant. We further adopt the Markov transition matrix to
illustrate the level switching behavior. It gives us a visual description about the
difference of learning dynamics displayed by high and low capacity subjects.
Although we could roughly distinguish them from the level-switching Markov
transition matrix, formalizing the learning behavior by an appropriate model is still
crucial. The characterization of learning model could help us to apply direct
comparison and statistical testing by the parameter estimates.
Among various learning models, we apply the experience-weighted attraction
(EWA) model proposed by Camerer and Ho(1998, 1999). The EWA model combines
the features of both belief-based models and choice reinforcement models, two
seemly distinguished approaches, into a general framework. With specific
configurations of parameter values, the EWA model becomes a belief-based model or
a choice reinforcement model. The EWA model also fit the empirical data in various
game experiments (Camerer and Ho, 1999; Camerer, Ho and Chong, 2002).
In order to investigate the effects of cognitive capacity on learning behavior, we
calibrate the EWA model parametrically using the data of high and low capacity
subjects separately. According to the score of working memory tests, the first third of
subjects are defined as the high capacity group while the last third of subjects are
defined as the low capacity group.
1

The details of our research results from year 2009 to 2011 can be found in the
papers listed in Section 5.
3

The parameter estimates are shown in Table 1. We find that high capacity subjects
are different from low memory capacity subjects regarding their learning parameters.
They give more weight to forgone payoffs ( ), exhibit lower depreciation rate on
experience or past attractions (ρ,Ф), and higher initial experience weight (
). In
addition, they also exhibit different distribution property of initial attraction (
).
In particular, the low capacity subjects symmetrically distributed with peak at
locating the interval
, while the high capacity subjects asymmetrically
distributed with peak at
locating the interval
, (see Figure 1, the
values have been transformed to the relative weight).
Table 1
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Figure 1
The significant differences between the values of parameters provide us some
implications. The parameter
is the most important parameter in EWA (Camerer
and Ho, 1999). On the one hand,
reflects what choice reinforcement insists
that only actual effects matter, and on the other hand,
reflects the feature of
belief-based model that actual and simulated effects are equally strong. Our results
show that high capacity subjects give more weight on simulated effects as
belief-based learner, while the less weight on simulated effects makes low capacity
subjects more reinforcement-like. Note that reinforcement learning model is regarded
as the behavior of agents with only minimal intelligent, that its opposite extreme is the
super-rational agents (Stahl, 2000). In fact, we evidence the cognitive hierarchies
revealed by the learning behaviors in beauty contest experiment. Combing the
findings in novel environment where cognitive capacity produce different levels of
reasoning, we suggest that, in a strategic environment, cognitive capacity would
develop the cognitive hierarchies throughout the learning process.
3.1.2 Ultimatum Game
Usually, decision making problems could be viewed as choices among alternatives,
and the traditional economic theories have told us that the rational subject should be
free from the paradox of choice (Schwartz, 2003). However, tons of empirical studies
have provided evidences for human’s boundary-rationality and decision conflict
during multiple decision-making processes in our minds. Our main hypothesis
assumes that the subjects could rationally evaluate the physical outcomes of matters
independently, but might have problem rationally integrating their preferences’
5

structures.
We investigate individual's preference change in behavior within an ultimatum game
(UG). The ultimatum game was first studied in G¨uth et al. (1982) in which two
players are required to join. One player (the proposer) receives an amount of money
provisionally and makes a proposal to the other player (the responder) regarding how
to divide this money between them. If the responder accepts the proposed offer, the
game is implemented and they share the money according to the proposal; otherwise,
both players receive nothing. In investigating subjects’ behavior in ultimatum game,
past studies mainly consider two theories: economic rationality which prompts the
proposer to exploit his strategic advantage (at least to a moderate degree) and tells the
responder to accept low offers; and equity theory which says that the proposer should
demand an equitable share (equal to his cost share) and that the responder should
reject non-equitable demands (Brandstätter & Königstein, 2001, p55). Players may
consider both strategic aspects and equity aspects of the situation. Besides, we believe
personal preference for different things should be included. As pointed out by
Camerer (2003, p. 48), whether to accept an ultimatum offer requires no strategic
thinking since it is simply a choice. Hence, players’ self-interest preferences rather
than game-theoretic reasoning seem to be the culprit responsible for the failure of the
prediction. (Fu, 2007)
Two types of bids are used in our experiments: one-shot and repeat 10 times. Different
from other ultimatum game studies in which either cash or some token only is used as
bids, each type of our experiments plays three treatments by the following order: cash
in the first, chocolate in the second, and both in the third experiment. We limited the
choices up to two comes from the human frontal function seems limited to driving the
pursuit of two concurrent goals simultaneously (Charron & Koechlin, 2010).
Although it is quite intuitive to see how people will do in decision making when
facing multiple choices, past researches were seldom designed for this aim in the
ultimate game. Thus, our study is a pioneer to understand the relative preferences
between attribute values (i.e., cash and chocolate) in the ultimatum game.
In the one-shot experiment, we find that subjects propose different scenarios when
they play with different materials in UG. Actually, proposers prefer to keep more
money (see Table 2). The offer rate is significantly different between treatment 1
(money) and treatment 2 (chocolate). We observe 32.35% proposers
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Table 2

share less money in treatment 3 (t3) than in treatment 1 (t1); and share equal or more
chocolate in treatment 3 than in treatment 2 (t2). However, in this money-lover
proposers’ group, only 45.45% proposers compensate more chocolate (in cash value)
to responders. It could be a risky decision since that they not rationally integrate their
personal and social preferences. Maybe that’s the reason why the reject rate is high in
t3.
In repeat-game experiment (Table 3), the proposers would test the deadline of
Table 3

responders, and the responders also try to fight for more profits. This could be the
main reason why we have super high reject rate. Another interesting finding is that
even proposers have some confident date about responders’ preference from t1 and t2,
the proposers still hace different strategy in t3. You can see the beginning offer by
proposers in t3 is quit simily to the offer in one-shot game, and the proposers’s
following offers seems not refer the results of t1 and t2 (Table 4). On the other hand,
the responders, comparing to t1, don’t change their accept deadline of money share in
t3, even the proposers offer more chocolate.
Finally, we conclude the findings of our experiments. First, economic theory typically
assumes that behavioral responses should be independent of the medium of exchange.
But, we confirm the medium really matters. Second, even the proposers have some
basic ideas about responders’ preference, they still try to manipulate their portfolio.
Finally, preference and decision could be change when subjects play one-shot or
repeat game, also be different when thy face single or multi objects. The results show
that subjects’ offers are significantly different when the bids are considered separately
7

or together, and we conclude that bargainers' preferences are not always monotonic.
Table 4

3.1.3 Double Auction
In this third and final year, we have concluded our analysis of the data gathered
during eight double auction (DA) experimental sessions performed at the NCCU
laboratory in the month of June 2010. The aim of the analysis was to gain a deeper
understanding of the role that personality traits and cognitive skills (in particular, the
subjects’ working memory) play in the subjects’ learning process. To this end, besides
the DA experiments, we conducted a series of working memory tests and personality
tests to gather individual data allowing us to assess the relationship between the
subjects’ performances and their personal characteristics.
In the DA experiments, the subjects had to face sequentially four markets (that will be
referred to as M1, M2, M3 and M4) with different structures (Figure 2). In each
market, the DA was composed by 30 trading days, each of which was composed by
25 trading rounds. The human subjects were assigned the role of a buyer, participating
in a double auction with a set of artificial players composed by three other buyers and
four sellers. During the 25 rounds of each trading day, the players had the opportunity
to exchange 4 tokens each.
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M1

M2

M4
M3
Figure 2
The trading price for each token exchanged is the average between the highest bid and
the lowest ask. During the 30-trading-day period the subjects had the chance to learn
from their experiences and to discover new and more successful bidding strategies.
We defined the subject’s strategies as the combinations of rounds at which the various
tokens were bought (1-2-3-4, 1-2-3-5 and so on). We found that although the
relatively high number of possible strategies (from 1-2-3-4 to 22-23-24-25) the
subjects, in the different markets, separated into a few classes characterized by a few
‘focal’ strategies. This allowed us to compare the WMC scores and personality traits
scores characterizing the various groups identified through the DA experiments. As an
example, in Figure 3 we show the strategies adopted by subjects at the end of the
experiment (the numbers in the cells express percentages).
From a general point of view the analysis of the experimental data showed that the
subjects’ decision-making process and, in particular, the subjects’ performance in the
DA experiments depend both on the subject’s characteristic and the particular
market’s structure. In particular, our analysis showed that the WMC do matter to the
DA experimental outcomes: in the M1, M3 and M4 markets (with a significance level
of 5%) and in the M2 market (with a significance level of 10%) two or more classes
of subjects were associated with significantly different WMT scores (See Table 5, 6, 7
and 8).
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Figure 3
This is not to say, however, that the subjects with higher WMC were always
associated with better performances: in fact, while in the M1 and the M4 markets the
subjects who reached the best strategy were associated with WMT scores higher than
those of other classes of subjects, in the M2 and M3 markets the class of the ‘optimal’
subjects was in fact associated with WMT scores lower than the ‘sub-optimal’ class-B
subjects.
Table 5
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Table 6

Table 7

This means that, in some markets, having high WMC is not a necessary condition to
reach the optimal strategy, as even subjects with low WMC can reach it, presumably
by adopting simple heuristics that do not require high levels of cognitive skills. On the
other hand, our analysis showed that there are classes of subjects (i.e., class B in the
M1, M2 and M3 markets and class D in the M4 market) that, in spite of being
characterized by high WMT scores, fail to reach the best strategy. This means that
having high WMC is not a sufficient condition for having a good performance: other
factors, such as the subjects’ personality traits, are also important. So, we can say that
although the WMC seem to have, by and large, a positive effect on the subjects’
11

performances, its importance relative to other factors, such as the personal traits,
seems to depend on the market’s structure. This result is consistent with previous
works on the effect of the WMC on various performances’ indexes.
Table 8

As regards the effect of the personality traits on the DA outcomes, our analysis
has shown that among all personality traits the hard-working attitude seems to be
the trait most often associated with a good performance: in the M1, M2 and M3
markets, at least two classes have significantly different hard-working attitudes.
Moreover, in the M1 and M3 markets, the class of subjects who reach the best
strategy is associated with a hard-working attitude that is higher than that of
another ‘sub-optimal’ class. If we consider the hard-working attitude to be
equivalent to conscientiousness in the ‘Big Five’ Factors Model, our result is
consistent with the findings of previous work focusing on the effect of personality
traits on economic outcomes.
The relevance of other personality traits seems to be conditional on the structure
of the market: the outgoing attitude (equivalent to extraversion in the ‘Big Five’
Factors Model) seem to be relevant in the M1 market (and in the M3 market with
a significance level of 10%) while the easygoing attitude (personality type B, in
12

the Type A and Type B Personality Theory) seem to exert its effect on the M3
market’s outcomes and in the M2 and M4 markets, with a significance level of
10% (See Table 9, 10, 11, 12).
Table 9

Table 10

Finally, even though in this research we considered the working memory skills and
the personality traits separately, they are likely to interact and to co-determine the
subjects’ performances. In fact, the subject’s motivation results from a comparison of
the effort they have to exert to solve a particular task and the experiment’s incentives,
as they are perceived. Whereas the first factor depends on the subject’s cognitive
13

skills, the second factor depends on the subject’s personality.
Table 11

Table 12

So, given a certain incentive’s structure, subjects with lower cognitive skills, that is,
with a higher cost associated with the problem-solving activity, and with a less
‘competitive’ attitude, are less likely to exert the effort it takes to reach a good
14

performance. In other words, subjects with lower WMC need higher levels of
incentives in order to engage in the decision-process required to obtain a good
performance, compared to subjects with high WMC. In fact, we can think of the
hard-working attitude, which our analysis showed to be the single most important
personality trait, as a measure of the subjects’ responsiveness to incentives, with the
subjects with a high score for this personality trait being the most responsive ones.
3.2 Simulations
3.2.1 Agent-Based Modular Economy
Using agent-based modular economy, we simulated a modular economy with
duopolistic price competition that may also impact their respective innovation
capacity and competitiveness. While at a macroscopic level a higher pricing strategy
may not reduce firms' competitiveness, the risk associated with innovation itself is so
high that one is hardly certain on what to expect next.
Constantly searching (e.g., R&D) is not the only key to survival in this modular
economy. The complexity of R&D exhibits hierarchical rather than parallel style.
Moreover, R&D is resource demanding, and hence profits accumulated earlier are
crucial for further development. Therefore, the competitive dynamics can be
path-dependent. Our simulation parameters are detailed in Table 13.
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Table 13
Description

Variables
Firms
Np

Range

Value

[1, ∞)

2

Initial Working Capital
K0
Injection Capital per Period K
Rate of Inventory Adjustment λ
η
Markup Rate
γ RD
Rate of R&D
Retain Earnings
RE
Consumers
Number of Consumers
Nc

[0, ∞)
[0, ∞)
[0, 1]
[0, ∞)
[0, 1]
[0, ∞)

1000*B(N i, 0.5)
[0, 200000]
80%
(1) 10% (2) 15%
1%
500

[1, ∞)

100

Income of Consumer

[1, ∞)

10000

[1, ∞)

100

Number of Firms

Number of Investors

I
Investors
Ni

Initial Budget of Investors

B0

[1, ∞)

1000

Probability of ZI Investment

p zi

[0, 1]

20%

Rate of Re-Investment

γ

[0, 1]

80%

I

Simulation
[1, ∞)
Trading Rounds per Period R
[1, ∞)
Number of Periods
T
Footnote: (1), (2) represents firms 1 and firm 2.
B(
, ) is Binomal Distribution

5
5000

In addition, Figure 2 shows that high-markup firm survives from the innovation-based
economy because of making something consumer needs. Unlike low-markup firms,
high-markup firms may retrieve more information from the product sales. Such
information is useful in the invention of higher add-value goods for consumers and
the maintenance of competency. In reality, high-markup firms may fail to establish
high prices at initial stage in fear of losing market share; and consumers may suffer
from low satisfaction.
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Figure 3
In Figure 3, we plot 100 simulation results of the profit (in y-axis) and the sales (in
x-axis), and estimate the profit function in terms of sales of both firms. The 90%
confidence rectangle of both dimensions is also drawn. Obviously, half of the left
rectangle is suffering loss, while the right rectangle is only about one third in loss.
Their maximum loss is when they encounter zero market demand and all the
production cost will not be recoverable. How long will a firm sustain the loss? It
depends the size of retained earnings. Because firms' retained earnings is set to 500,
the earlier loser may have at least kept 500 after dividend give. Moreover, the firm's
500 retained earnings will plus new capital from some investors (most of them are ZI
17

investors). However, If the firm continuously losses and have problem giving
dividend to investors, the retained earnings is shrink and will become zero. This time
the loser will only have few capitals from ZI investors. Therefore, the maximum loss
of both firms is not far from 500. Nevertheless, the maximum profit and sales range is
quite different for both firms. High-markup firm claims more victory.
High price can, in effect, enhance consumers' satisfaction. The resultant industry is
highly concentrated, either dominated by the high-markup firm or the low-markup
firm. The case that the two co-exist and divide the market is rare.
This study is intended to examine the role of pricing in innovation and
competitiveness of firms. Two firms with opposing pricing strategies are placed in a
market of duopolistic competition (Chen and Ni, 2003). Is the higher pricing firm
doomed to failure? We used the markup rate as a proxy of pricing activity.
It should be noted that our study is not based on a standard duopolistic model, where
products are homogeneous across firms. Although pricing is important, fundamental
advantages in competition mainly come from the varieties and novelties of products
(Dawid and Reimann, 2011). To increase product variety and to foster innovation, the
idea of modularity is introduced to the innovation process so that the design of
product can be defined with a hierarchical modular structure (Simon, 1962).
In reality, resources are limited, just like the number of consumers is fixed in our
model. If a firm performs exceptionally well and draws most investor support this
period, it may receive abundant capital injection and overproduce than the market
demand in the following period. The loss will then transfer to our wise investors who
decide to invest in the more successful firm. To avoid this curse, capital in our model
may grow but it is not without limitation.
3.2.2 Agent-Based El Farol Bar Problem
The El Farol Bar problem, introduced by Arthur (1994) has over the years become the
prototypical model of a system in which agents, competing for scarce resources,
inductively adapt their belief-models (or hypotheses) to the aggregate environment
they jointly create. The bar’s capacity is basically a resource subject to congestion,
making the El Farol Bar problem a stylized version of the central problem in public
economics represented by the efficient exploitation of common-pool resources.
Real-world examples of this problem include the traffic congestion and the congestion
of computer networks. The numerous works that have analyzed and extended along
different lines the El Farol Bar problem show that perfect coordination, that is, the
steady state where the aggregate bar’s attendance is always equal to the bar’s
maximum capacity, is very hard to reach, at least under the common knowledge
assumption. On the other hand, works where best-response behavior has been
18

replaced with reinforcement learning show that perfect coordination is possible and
that it is, indeed, the long-run behavior to which the system asymptotically converges.
However, it is an equilibrium characterized by complete segregation: the population
split into a group of agents who always go (filling the bar up to its capacity at all
times) and a group of agents who always stay at home. In this research, we
sequentially introduce two modifications to the original setup, both of which represent
a step towards the development of a ‘socially oriented’ version of the El Farol Bar
problem. The first of these modifications concerns the structure of the agents’
interaction and is represented by the introduction of a social network connecting the
agents and through which the agents can access the information regarding their
neighbors’ choices and strategies. While in the original setup the agents base their
decisions on global information, represented by the bar’s aggregate attendance, a
feature that is likely to cause herding behavior, making it very difficult for them to
coordinate their activities, we may wonder whether coordination will be improved if,
instead, the agents make use of local information, represented by the attendance of
their closest neighbors.
After having assessed the effect of this first modification, we introduced a second
modification concerning the agents’ individual preferences. In the original El Farol
Bar problem setup the agents did not care about their attendance frequency (that is,
how often they were going to the bar): the only thing that mattered to them was to
make the right choice, even if it implied staying all the time at home. In this research
we assumed, instead, that the agents are characterized by minimum attendance
thresholds, satisfying levels below which the agent does not want to drop, no matter
what the forecasting performance of their predictors is. After having assessed the
effect of different fixed thresholds (both with homogeneous and heterogeneous
populations) we introduced social preferences, through the assumption that the
agents’ minimum attendance threshold is represented by the average of their
neighbors’ attendance frequencies (a decision-making process usually referred to
as ’keep-up-with-the-Joneses’ behavior). Through a series of simulations, we have
assessed the effect of these socially-grounded assumptions on the macro-dynamics of
the El Farol Bar problem and on the kind of equilibria that the system reaches.
Our main findings are: a) the introduction of social networks (and local information)
allows the system to always reach an equilibrium characterized by perfect
coordination, that is, a state where the bar’s attendance is always equal to the bar’s
capacity.
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Figure 4
In Figure 4 is shown the dynamics of a typical run (the equilibrium is reached when
always 60 people go to the bar, in this case just before period 5000); b) different
network structures are characterized by different equilibria probability distributions.
Figure 5 shows the distributions of the number of periods it takes the system to reach
the equilibrium for two kinds of social networks: the circular network (left) and the
von Neumann network (right).

Figure 5
c) the equilibria reached by the system are by no means restricted to the equilibrium
to which the El Farol Bar problem with reinforcement learning has been shown to
converge asymptotically, with a group of agents always going and another group
always staying at home. Instead, with the introduction of social networks, many kinds
of equilibria, with different numbers of classes, emerge. Figure 6 shows the relative
dimensions of the basins of attraction of different equilibria, each of which is
characterized by a number of classes indicated on the abscissa, both with the circular
(CN) and the von Neumann (vNN) networks.
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Figure 6
In particular, we observe the emergence of an equilibrium characterized by perfect
coordination with perfect equality, that is, a state in which the bar attendance is
always equal to its capacity and where all the agents go to the bar with the same
frequency; d) in homogeneous populations, even very low minimum attendance
thresholds make the perfect equality equilibrium the most likely outcome (See Figure
7, where perfect equality equilibrium is indicated with 1C).

Figure 7
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Figure 8
Moreover, in heterogeneous populations, even the presence of a small minority of
agents with social preferences, in a population where the majority of agents have no
preferences regarding their attendance frequencies, is sufficient to lead the system to
the perfect equality equilibrium (See Figure 8). The same dynamics is observed when
a minority of agents try to ’keep-up-with-the-Joneses’ (See Figure 9).

Figure 9
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4 Academic Activities
To exchange ideas and to promote ESD as well as the findings in this project, we held
several seminars between 2009 and 2012 as listed below:
Herbert Simon Series
#18 Prof. Paul Glimcher (2009/12/7-9)
1. Animal and Human Models of Temporal Discounting Choice
2. The Neural Mechanisms of Value-based Decision Making
3. Reward prediction error and reinforcement learning in Decision
Making
http://www.aiecon.org/herbertsimon/series18/glimcher.html
#19 “Behavioral Economics & Experimental Economics”
(2010/3/15-26)
Prof. Kumaraswamy (Vela) Velupillai
1.
2.
Topics
1.
2.

Reviving the Simon Tradition in Behavioural Economics
Behavioural Economics: Classical and Modern
Prof. Stephen Kinsella
Experimental Recipes
The 'Computable' in experimental economics
http://www.aiecon.org/herbertsimon/series19/schedule.htm

#21 Prof. Claudio Cioffi- Revilla (2011/5/10-13)
1. Computational Social Science (政治大學、淡江大學、東海大學各一
場)
http://www.aiecon.org/herbertsimon/series21/schedule.htm
#22 Prof. Sobei Hidenori Oda (2012/3/3)
1
.The Knobe Effect and the Fair Redistribution of Income: An
Experimental Economics Approach to Experimental Philosophy
http://www.aiecon.org/herbertsimon/series22/schedule.htm
Workshop: CSS2010 Workshop on Computational Social Sciences
2010/11/2-3 http://www.aiecon.org/summer_school/2010/
Prof. Bin-Tzong Chie
1. Social Simulation and Experimental Design in NetLogo
Prof. Chung-Ching Tai
1.
Topics
1.

z-Tree: Software-Based Implementation of Human Experiments
Dr. Kuo-Chuan Shih
Introduction to ESD -- Experimental Subject Database Shareware
Prof. Shu-Heng Chen

1.

Omnibus Discussion on the ESD Development
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1.

Prof. Herbert Dawid
Capturing Firm Behavior in Agent-Based Models: Wilderness of
Bounded Rationality?

1.

Prof. Akira Namatame
Systemic Risks as Cascading Failures in a Networked Society

1.

Prof. Carl Chiarella
Heterogeneity, Market Mechanisms, and Asset Price Dynamics
Prof. Taisei Kaizoji

1.
5

A behavioral model of currency crises

Publications list

Edited Books and Volumes
[1] Guest editor (with Sai-Ping Lee), International Review of Financial
Analysis, a special issue on Complexity and Non-Linearities in Financial
Markets: Perspectives from Econophysics, forthcoming. [EconLit, FLI]
[2] Guest editor (with Dash Wu and David Olson), Information Sciences, a
special issue on Business Intelligence in Risk Management, forthcoming.
[SCI]
[3] Agent-Based Approaches in Economic and Social Complex Systems VIII,
Agent-Based Social Systems, Volume 8, (with Takao Terano, Ryuichi
Yamamoto), Springer, 2011.
[4] Multi-Agent Applications with Evolutionary Computation and Biologically
Inspired Technologies: Intelligent Techniques for Ubiquity and
Optimization (with Yasushi Kambayashi and Hiroshi Sato), IGI Global,
Hershey PA, USA, 2011
Referred Journal Articles
[5] “Social Networks, Social Interaction and Macroeconomic Dynamics: How
Much Could Ernst Ising Help DSGE?” (with Chia-Ling Chang and Yi-Heng
Tseng), Research in International Business and Finance, [FLI], forthcoming.
[6] “Interactions in DSGE Models: The Boltzmann–Gibbs Machine and Social
Networks Approach” (with Chia-Ling Chang), Economics E-Journal , 6:
2012-26, 2012. [SSCI]
[7] “To Whom and Where the Hill Becomes Difficult to Climb: Effects of
Cognitive Capacity and Personality in Experimental DA Markets” (with
Umberto Gostoli, Chung-Ching Tai, Kuo-Chuan Shih), Advances in
Behavioral Finance and Economics, forthcoming.
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[8] “Econophysics: Bridges over a Turbulent Current” (with Sai-Ping Li),
International Review of Financial Analysis. 23:1-10, 2012. [EconLit, FLI]
[9] “Market Fraction Hypothesis: A Proposed Test” (with Michael
Kampouridis and Edward Tsang), International Review of Financial
Analysis . 23: 41-54, 2012. [EconLit, FLI]
[10] “Liquidity Cost of Market Orders in the Taiwan Stock Market: A Study
based on an Order-Driven Agent-Based Artificial Stock Market” (with
Yi-Ping Huang, Min-Chin Hung, and Tina Yu), International Review of
Financial Analysis, 23:72-80, 2012. [EconLit, FLI]
[11] ”不同公司治理情境之股權評價：類神經模糊專家系統之應用”， (與高
惠松, 李建然聯合發表) ，管理與系統, 19(3):373-408, 2012.
【TSSCI】
[12] “Agent-Based Economic Models and Econometrics'' (with C.-L Chang, and
Y.-R. Du), Knowledge Engineering Review, 27(2): 187-219, 2012. [SCI]
[13] “Varieties of Agents in Agent-Based Computational Economics: A
Historical and an Interdisciplinary Perspective,” Journal of Economic
Dynamics and Control, 36(1):1-25, 2012 [SSCI].
[14] “Do the ASEAN Countries and Taiwan Form a Common Currency Area?”
(with Jane Binner, Ke-Hung Lai, James L. Swofford, and Andrew
Mullineux), Journal of International Money and Finance, 30(7): 1429-1435,
2011. [SSCI, FLI]
[15] “Emergent Complexity in Agent-Based Computational Economics” (with
Shu G Wang), Journal of Economic Surveys, 25(3): 527-546. 2011. [SSCI]
[16] “Agents Learned, but Do We? Knowledge Discovery Using the
Agent-Based Double Auction Markets” (with Tina Yu), Frontiers of
Electrical and Electronic Engineering (FEE) in China, 6(1): 159-170. 2011
[17] “Reinforcement Learning in Experimental Asset Markets,” (with Yi-Lin
Hsieh), Eastern Economic Journal, 37(1):109 – 133. 2011 [EconLit]
[18] “On the Elasticity Puzzle: Would the Agent-Based Modeling Help?” (with
Shu G Wang) Advances and Applications in Statistical Sciences, 2(2):
375-391, 2010.
[19] “Corporate Governance and Equity Evaluation: Nonlinear Modeling via
Neural Networks,” (with H.-S Kao and J.-Z Lee), International Research
Journal of Finance and Economics, 41: 68-92. 2010. [EconLit]
Referred Chapters in Books
[20] “Agent-Based Modeling of the El Farol Bar Problem” (with Umberto
Gostoli), in Alma Lilia García Almanza, Serafin Martinez-Jaramillo, Biliana
Alexandrova-Kabadjova, and Edward Tsang (eds.) Simulation in
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Computational Finance and Economics: Tools and Emerging Applications,
IGI Global, forthcoming.
[21] “Reasoning-Based Artificial Agents in Agent-Based Computational
Economics” in Kazumi Nakamatsu and Lakhmi Jain (eds.), Handbook on
Reasoning-based Intelligent Systems, World Scientific, forthcoming.
[22] “Can Artificial Traders Learn and Err Like Human Traders? A New
Direction for Computational Intelligence in Behavioral Finance,” (with
Kuo-Chuan Shih and Chung-Ching Tai), in Michael Doumpos, Constantin
Zopounidis, and Panos M. Pardalos (eds.), Financial Decision Making
Using Computational Intelligence, Springer Series on Optimization and Its
Applications, Volume70, pp.31-65, Springer, 2012.
[23] “Emergent Complexity in Agent-Based Computational Economics” (with
Shu G. Wang), in Stefano Zambelli and Donald George (eds.),
Nonlinearity, Complexity and Randomness in Economics: Toward
Algorithmic Foundations for Economics, pp.131-150, Wiley-Blackwell,
2012.
[24] “The Market Fraction Hypothesis under Different GP Algorithms” (with
Michael Kampouridis and Edward Tsang), in Alexander Yap (ed.),
Information Systems for Global Financial Markets: Emerging
Developments and Effects, pp.37-54, IGI Global, 2012.
[25] “Agent-Based Modeling of the Prediction Markets for Political Elections”
(with Tongkui Yu), in D. Villatoro, J. Sabater-Mir, and J.S. Sichman (Eds.):
Multi-Agent-Based Simulation XII, Lecture Notes in Artificial Intelligence
(LNAI), Volume7124, pp.31-43, Springer, 2012.
[26] “Market Microstructure: A Self-Organizing Map Approach to Investigate
Behavior Dynamics under an Evolutionary Environment” (with Michael
Kampouridis and Edward Tsang), in A. Brabazon and M. O'Neill (eds.),
Natural Computing in Computational Finance, Volume 4, Studies in
Computational Intelligence, Volume380, pp.181-197, Springer, 2011.
[27] “An Order-Driven Agent-Based Artificial Stock Market to Analyze
Liquidity Costs of Market Orders in the Taiwan Stock Market” (with
Yi-Ping Huang, Min-Chin Hung, and Tina Yu), in A. Brabazon and M.
O'Neill (eds.), Natural Computing in Computational Finance, Volume 4,
Studies in Computational Intelligence, Volume380, pp.163-179, Springer,
2011.
[28] “Is Genetic Programming ``Human-Competitive''? The Case of
Experimental Double Auction Markets” (with Kuo-Chuan Shih), In: H. Yin,
W. Wang, V. Rayward-Smith (eds.), Intelligent Data Engineering and
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Automated Learning-IDEAL 2011, Lecture Notes in Computer Science,
Volume6936, pp.116-126, Springer, 2011.
[29] “Market Microstructure: Can Dinosaurs Return? A Self-Organizing Map
Approach under an Evolutionary Framework” (with Michael Kampouridis
and Edward Tsang), in Di Chio C, Brabazon A, Di Caro G, Drechsler R,
Farooq M, Grahl J, Greenfield G, Prins C, Romero J, Squillero G, Tarantino
E, Tettamanzi A, Urquhart N, Sima Uyar A (eds.), Applications of
Evolutionary Computation, Lecture Note in Computer Science
Volume6625, pp.91-100,Springer, 2011,.
[30] “Prediction Markets: A Study on the Taiwan Experience” (with C.-Y. Tung,
C.-C. Tai, B.-T. Chie, T.-C. Chou, and S. G. Wang), in Leighton Vaughan
Williams (ed.), Prediction Markets: Theory and Applications, Routledge,
2011., pp.137-156.
[31] “A Culture-Sensitive Agent in Kirman’s Ant Model” (with Wen-Ching Liou
and Ting-Yu Chen), in John Salerno, Shanchieh Jay Yang, Dana Nau, and
Sun-Ki Chai (eds), Social Computing, Behavioral-Cultural Modeling and
Prediction, Lecture Notes in Computer Science (LNCS), Volume.6589,
pp.341-348, Springer, 2011,.
[32] “Microstructure Dynamics and Agent-Based Financial Markets” (with
Michael Kampouridis and Edward Tsang), in T. Bosse, A. Geller, and C.M.
Jonker (Eds.): Multi-Agent-Based Simulation XI, Lecture Notes in Artificial
Intelligence (LNAI), Vol.6532, pp.121-135,Springer, 2011,.
[33] “Neuroeconomics: A Viewpoint from Agent-Based Computational
Economics” (with S G Wang), in Shu-Heng Chen, Yasushi Kambayashi and
Hiroshi Sato (eds.) Multi-Agent Applications with Evolutionary
Computation and Biologically Inspired Technologies: Intelligent Techniques
for Ubiquity and Optimization, IGI Global, 2011. ,pp.35-49.
[34] “Bounded Rationality and Market Micro-Behaviors: Case Studies Based on
Agent-Based Double Auction Markets” (with R.-J. Zeng, T. Yu and S G
Wang), in Shu-Heng Chen, Yasushi Kambayashi and Hiroshi Sato (eds.)
Multi-Agent Applications with Evolutionary Computation and Biologically
Inspired Technologies: Intelligent Techniques for Ubiquity and
Optimization, IGI Global, 2011. ,pp.78-94.
[35] “Social Simulation with Both Human Agents and Software Agents: An
Investigation into the Impact of Cognitive Capacity to Their Learning
Behavior” (with C.-C. Tai, T.-D. Wang and S G Wang), in Shu-Heng Chen,
Yasushi Kambayashi and Hiroshi Sato (eds.) Multi-Agent Applications with
Evolutionary Computation and Biologically Inspired Technologies:
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Intelligent Techniques for Ubiquity and Optimization, IGI Global, 2011.
, pp.95-117.
[36] “A Bibliometric Study of Agent Based Modeling Literature on SSCI
Database” (with Yu-Hsiang Yang and Wen-Jen Yu), in Shu-Heng Chen,
Takao Terano and Ryuichi Yamamoto (eds.), Agent-Based Approaches in
Economic and Social Complex Systems VIII, Agent-Based Social Systems,
Volume8(4), Springer, 2011,pp.189-198.
[37] “Social Interactions and Innovation: Simulation Based on an Agent-Based
Modular Economy” (with Bin-Tzong Chie), in Marco LiCalzi, Lucia
Milone and Paolo Pellizzari (eds.), Progress in Artificial Economics:
Computational and Agent-Based Models, Lecture Notes in Economics and
Mathematical Systems, Volume645, pp.127-138,Springer, 2010,.
[38] “Testing the Dinosaur Hypothesis under Empirical Datasets" (with Michael
Kampouridis and Edward Tsang), in Robert Schaefer, Carlos Cotta,
Joanna Kolodziej, and Günter Rudolph (eds.): Parallel Problem Solving
from Nature, PPSN XI, Part II, Lecture Notes in Computer Science (LNCS),
Volume6239, pp.199-208,Springer, 2010,.
[39] “Does Cognitive Capacity Matter when Learning Using Genetic
Programming in Double Auction Markets?” (with C.-C. Tai and Shu G
Wang), in G Di Tosto and H Van Dyke Parunak (eds), Multi-Agent-Based
Simulation X, Lecture Notes in Artificial Intelligence (LNAI), Vol.5683,
pp.37-48,Springer, 2010,.
[40] “Elasticity puzzle: An inquiry into micro-macro relations” (with Ya-Chi
Huang and Jen-Fu Wang), in Stefano Zambelli (ed.), Computable,
Constructive and Behavioural Economic Dynamics: Essays in Honour of
Kumaraswamy (Vela) Velupillai , pp.377-415, Routledge, 2010.
[41] “The Agent-Based Double Auction Markets: 15 Years On.’’ (with C.-C. Tai),
In K. Takadama, C. Cioffi-Revilla, and Guillaume Deffuant (eds),
Simulating Interacting Agents and Social Phenomena: The Second World
Congress, pp.119-136,Springer, 2010,.
Referred Papers in Proceedings
[42] “Agent-based Model of the Political Election Prediction Market” (with
Tongkui Yu), in Jordi Sabater, Daniel Villatoror and Jaime Sichman (eds.),
Proceedings on Twelfth International Workshop on Multi-Agent-Based
Simulation (MABS’2011), Taipei, Taiwan, May 2, 2011.
[43] “Investigating the Effect of Different GP Algorithms on the Non-Stationary
Behavior of Financial Markets” (with Michael Kampouridis and Edward
Tsang), in 2011 IEEE Proceedings on Computational Intelligence for
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Financial Engineering (CIFEr’2011), Paris, France, April 11-15, 2011.
[44] "Testing the Dinosaur Hypothesis Under Different GP Algorithms", in
Proceedings of the 10th Annual Workshop on UK Computational
Intelligence (UKCI’2010) Workshop, IEEE Xplore, University of Essex,,
UK, September 8-10, 2010.
[45] “Microstructure Dynamics and Agent-Based Financial Markets” in Tibor
Bosse, Armando Geller, Catholijn M. Jonker (eds.), Proceedings on
Eleventh International Workshop on Multi-Agent-Based Simulation
(MABS’2010), Toronto, Canada, May 11, 2010.
[46] “The Decision-Making Process in a Double Auction Experiment: the Effect
of Personality Traits and Working Memory,” (with Umberto Gostoli,
Chung-Ching Tai and Kuo-Chuan Shih), 2011 ICABEEP/IAREP/SABE
conference, Exeter, UK, July 12-16, 2011.
[47] “Intelligence and Level-k Reasoning in Beauty-Contest Experiments: An
Integrated Analysis,” (with Lei-Xing Yang and Yeh-Rong Du), 2011
ICABEEP/IAREP/SABE conference, Exeter, UK, July 12-16, 2011.
[48] “Human Factors in the El Farol Bar Experiment,” (with Chung-Chihg Tai
and Umberto Gostoli),
International Meeting of the Economic Science
Association (ESA 2011), Chicago, USA, July 7-10, 2011
[49] “Social Norm, Costly Punishment and the Evolution to Cooperation,” (with
Tongkui Yu and Honggang Li), 17th International Conference on
Computing in Economics and Finance (CEF 2011), San Francisco, USA,
June 29-July 1, 2011
[50] “Bottom-Up Coordination in the El Farol Bar Problem: The Role of Local
Information and Social Network’s Structure,” (with Umberto Gostoli),
IEEE Congress on Evolutionary Computation (CEC 2011), New Orleans,
USA, June 5-8, 2011.
[51] “Non-Price Competition in an Agent-Based Modular Economy,” (with
Bin-Tzong Chie), 37th Eastern Economic Association Annual Conference,
New York City, New York, Feb 25-27, 2011.
[52] “The role of costly punishment in promoting cooperation,” (with Tongkui
Yu and Honggang Li), First Workshop on Quantitative Finance and
Economics, International Christian University, Tokyo, Feb 21-23, 2011.
[53] “Investor Behaviors and Firm Competition in a Modular Economy: An
Agent-Based Modeling Approach,” (with Bin-Tzong Chie), Asia Pacific
Economic Science Association Meeting 2011, Kuala Lumpur, Malaysia.
February 10-13, 2011.
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[54] “Decision and Behavior in Ultimatum Game with Multi
Targets,” (with Chia-Yang Lin and Lee-Xieng Yang), Asia Pacific
Economic Science Association Meeting 2011, Kuala Lumpur,
Malaysia. February 10-13, 2011.
[55] “The Significance of Working Memory Capacity in Double Auction
Markets: Modeling, Simulation and Experiments,” (with Chung-Ching Tai,
Lee-Xieng Yang and Kuo-Chuan Shih), SABE (Society for the
Advancement of Behavioral Economics) Poster Session at the 2011 Allied
Social Sciences Association (ASSA) Meetings, Denver, Colorado, US,
January 6-9, 2011.
[56] “Agent-based Model of the Political Election Prediction Market,” (with
Tongkui Yu), in Jordi Sabater, Daniel Villatoror and Jaime Sichman (eds.),
Proceedings on Twelfth International Workshop on Multi-Agent-Based
Simulation (MABS’2011), Taipei, Taiwan, May 2, 2011, pp. 117-128.
[57] “A Culture-Sensitive Agent in Kirman’s Ant Model,” (with
Wen-Ching Liou and Ting-Yu Chen), in John Salerno, Shanchieh Jay
Yang, Dana Nau, and Sun-Ki Chai (eds), Social Computing,
Behavioral-Cultural Modeling and Prediction, Lecture Notes in Computer
Science (LNCS), Vol 6589, Springer, 2011, pp. 341-348.
[58] “Market Fraction Hypothesis: A Proposed Test,” (with Michael
Kampouridis and Edward Tsang), Econophysics Colloquium 2010,
Academic Sinica, Taipei, Taiwan, November 4-7, 2010.
[59] “Liquidity Cost of Market Orders in Taiwan Stock Market: A Study based
on An Order-Driven Agent-Based Artificial Stock Market,” (with Yi-Ping
Huang and Min-Chin Hung), Econophysics Colloquium 2010, Academic
Sinica, Taipei, Taiwan, November 4-7, 2010.
[60] “Testing the Dinosaur Hypothesis Under Different GP Algorithms,” (with
Michael Kampouridis and Edward Tsang), 10th Annual Workshop on
Computational Intelligence (UKCI 2010), University of Essex, Colchester,
UK, September 8-10,2010.
[61] “Agent-Based Social Simulation: A Bibliometric Review,” (with Yu-Hsiang
Yang), 3rd World Congress on Social Simulation (WCSS2010), University
of Kassel, Kassel, Germany, September 6-9, 2010.
[62] “Agent-Based Modeling of Cognitive Double Auction Market
Experiments,” (with Chung-Ching Tai and Lee-Xieng Yang), 3rd World
Congress on Social Simulation (WCSS2010), University of Kassel, Kassel,
Germany, September 6-9, 2010.
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[63] “On the beauty contest experiments: Is intelligence relevant?” (with
Ye-Rong Du and Lee-Xieng Yang), International Association for Research
Psychology (IAREP) and Society for the Advancement of Behavioral
Economics (SABE) Joint Conference, Cologne, Germany, September 5-8,
2010.
[64] “The optimal allocation model of corporate governance based on
computational intelligence: Board composition and ownership structure to
maximize the firm value,” (with Hui-Sung Kao and Jan-Zan Lee), 2010
American Accounting Association Annual Meeting (2010AAA), San
Francisco,U.S.A., July 31- August 4, 2010.
[65] “Role of Pricing in an Innovation-Based Economy: Views from an
Agent-Based Modular Economy,” (with Bin-Tzong Chie), Advances in
Agent-Based Computational Economics (ADACE 2010), Bielefeld
University, Germany, July 5-7, 2010.
[66] “Building firm value function based on computational intelligence:
Applying Ohlson model and considering corporate governance,” (with
Hui-Sung Kao and Jan-Zan Lee) 2010 Accounting & Finance Association
of Australia and New Zealand (AFAANZ) Conference, Christchurch, New
Zealand, July 4-6, 2010
[67] “What Do We Learn about Culture from Experimental Economics?” (with
Shu G Wang), 8th Crossroads, Lingnan University, Hong Kong, June
17-21,2010
[68] “Agents Learned, but Do We? An Illustration Using the Agent-Based
Double Auction Markets,” (with Tina Yu), Sino-foreign-interchange
Workshop on Intelligence Science and Intelligent Data Engineering
(IScIDE’2010), Harbin, China, June 3-5, 2010.
[69] “Artificial Economic Agents with Heterogeneous Cognitive Capacity and
Their Economic Consequences: Study Based on Agent-Based
Double-Auction Market Simulations,” (with Tina Yu, and Shu G. Wang),
The 36 Annual Conference of Eastern Economic Association, Loew’s
Philadelphia, Philadelphia, USA, February26- 28, 2010.
[70] “Does Cognitive Capacity Matter in Double Auction Markets?”(with C.-C.
Tai),Canada, MABS (Multi-Agent-Based Simulation ), May 10-142010.
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Appendix 1

一. 受試者資料庫(ESD)及應用程式
1.

ESD
根據本計畫之工作規劃，ESD 之相關設計與開發工作已屆完成，
此一資料庫內共包含 23 個資料表記錄，分為「受試者相關資料」、「實
驗舉行相關資料」、「受試者人格特質資料」、「受試者實驗決策資料」

四大類，至目前為止，ESD 已運行兩年餘，相關受試者及實驗資料與
日俱增，茲針對 ESD 的資料現況概略說明如下：
(1) 受試者人數目前已增至 1681 人，其中性別分佈情形為男 46.12%與女 53.88%，其
中 95.27%為大學以上學歷之受試者。
(2) 目前已舉辦實驗共 107 場次，種類包含雙方喊價市場(Double Auction Markets)、
最後通碟遊戲(Ultimatum Game)、選美競賽(Beauty Contest)、資產市場(Asset
Market)等。另開放實驗室提供校內外單位進行實驗，包含政治大學心理系的情
緒實驗與財政系的公共財與租稅公平實驗。
(3) 人格特質測驗目前包含五項測驗種類，而以工作記憶測驗與中研院楊國樞院士提
出的華人性格七向度問卷為主：
A.
B.
C.
D.
E.

工作記憶測驗(Working Memory) 799 人
台灣地區華人性格七向度 131 題短問卷 233 人
馬基維利人格特質測驗(Machiavellian Personality Test) 121 人
瑞文氏標準矩陣推理測驗(Raven's Standard Progressive Matrices Plus) 25 人
認知反射測驗(Cognitive Reflection Test ) 20 人

2.

報名系統(http://eel.nccu.edu.tw)
此一系統已於第一年度大致完成(詳第一年度報告)，並於第二年度完備其相
關功能及維護工作，其中包含受試者招募系統、通報系統、測試系統、實驗樣本
系統以及存檔系統等。
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圖 1. 報名系統網站頁面

圖 2. 資料檢索系統頁面
3.

資料檢索系統(http://eel.nccu.edu.tw:8080)
為配合實驗相關資料之研究分析需求，另開發「資料檢索系統」以供實驗主
持人及本計畫成員查閱 ESD 內相關資料(檢索頁面請參見圖 2)，目前提供 30 種
不同資訊的檢索查詢功能。檢索資料主要分為報名系統與實驗資料庫兩部分。在
報名系統的部分，我們可以進行受試者查詢，受試者人格特質查詢、實驗查詢、
實驗管理、帳號管理、受試者相關圖表(更細部的資料查詢請參考圖 3)。而在實
驗資料庫的部分，可以查詢執行實驗內容、實驗設定、受試者事件、代理人事件、
系統事件紀錄(更細部的資料查詢請參考圖 4)。

圖 3. 報名系統檢索項目一覽
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圖 4. 實驗資料庫檢索項目一覽
前述二系統開發完成後均以共享軟體形式開放下載，並提供操作說明手冊，於
2010 Workshop on Computational Social Sciences 研討會中討論與分享，相關資訊
詳見 http://www.aiecon.org/summer_school/2010/。
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國科會補助專題研究計畫項下出席國際學術會議心得報告
日期：2012 年 10 月 20 日

計畫編號

NSC98－2410－H－004－045－MY3

計畫名稱

認知、心理、與文化因子的突現性複雜現象：整合代理人基計算經濟
學、實驗經濟學、與腦神經經濟學之研究架構-總計畫及子計畫

出國人員
姓名

陳樹衡

服務機構
及職稱

會議時間

2012 年 3 月 25 日
至
2012 年 3 月 28 日

會議地點

國立政治大學經濟系教授
Stanford University, CA, U.S.A.

(中文)
會議名稱

(英文) AAAI (Association for the Advancement of Artificial Intelligence) 2012 SPRING
SYMPOSIA

發表論文
題目

(中文)
(英文) Predicting the Prediction Market: Would Smart Agents Help?

一、參加會議經過
本會議乃由六個 Symposiums 所組成，本人所參加的為”AI, The Fundamental Social Aggregation
Challenge, and the Autonomy of Hybrid Agent Groups”，本人並受該 Symposium 主要
organizer—William Lawless (Paine University) 之邀，擔任 invited speaker 之一。3 月 25 日主要是
John McCarthy 的紀念活動，McCarthy (1927-2011) 為美國著名資訊科學家及認知科學家，自 1962
年起，即在 Stanford 擔任教授至 2010 年退休。他被認為是”Artificial Intelligence (AI)” 這個名詞的
創始人，並在早期 AI 的發展上貢獻良多。此次的紀念活動，他多年的老友，包括 Ed Fredkin、Raj
Reddy 等、學生 Barbara Liskov 及女兒 Susan McCarthy 皆上台講述其生活軼事，令與會者除了了
解其在 AI 及 LISP 語言上的成就外，對他的政治思想及生活上的幽默也有了更多的認識。
３月 26 日起論文發表正式展開，在三天的會議中共發表了 17 篇論文，包含六位 Invited speakers
的演講，對人類間、AI 間、及人類與 AI 間的互動、網絡(network)、以及突現性的總體現象，皆
有不同角度的討論。在 AI 的部份，有數篇文章討論如何將自主性的機器人組織成一個團隊，甚至
是一個小型的社會，如何設計其中的 Network 以及資訊如何傳、資訊和 Network 是否會改變自主
性機器人的行為、再進而如何 aggregate 成為總體的行為，以完成機器人團隊的總體任務為討論的
主軸，而在社會科學家方面，則在個體差異是否會影響到總體的行為？還是在「互動」的過程中
1

抵消？這些方面，有多篇論文發表。而本人所發表的，則是研究預測市場內參與者的質性差異（如
預測能力），是否會對預測市場總體的準確度產生影響？結果發現，如果有 10%以上能力高的人在
預測市場內活動，的確會增加該市場的準確度。

二、與會心得
此次會議最大的收獲，就是聽了著名網路學家 Albert-László Barabási 的演講，他給了我兩個新
的概念：1、fitness function—一般而言，在網路中，目前連結越多的 node(結點)，將來越有可
能接受到新的連結 (preferential attachment)。然而，這並不能說明為何有些結點會後來居上，
譬如為何 Google 會超過 Yahoo？Barabási 對此提出了 fitness function 的概念，在實務上，我
們或許都知道，一個結點之所以會越來越大，是因為它適合更多的人或事，但在網路模型中，這
個 fitness 的概念，卻常被忽略掉，這讓我連想到，Barabási 之所以提出這個 fitness 的概念，
就是因為他問了一個問題： 在討論綱路結點時，是否 preferential attachment 的概念就已足
夠？還有什麼嗎？於是衍生了這個 fitness 的概念。那麼我們在討論代理人基建模的異質代理人
時，是否也該問同樣的問題：異質性倒底需要多少面向才足夠表達差異性？另一個概念是：網路
可控制嗎？他將複雜系統、網路、和最適化控制理論完美的結合，來討論需要多少個「警察」才
可控制社會秩序？他讓我將經濟體系以網路的形式來思考，用這個概念來思考需要多少的法規來
規範經濟行為，始能讓經濟成為「可控制的」？這將可說明可控制的經濟，其實是需要很多的 per
capita policemen ，成本是相當高的。
此外，在看到數篇相關於 hybrid system 的文章發表，了解到如科幻電影中人和機器人共同生
活的時代，其實不遠了，這在美國軍隊中已然開始進行。然而，人和機器都有相當自主性時，是
否可以有效的組成一個團隊？人還能保有其自主性嗎？即便如此，人的行為會受到機器的自主性
而改變嗎？如果會，那麼又會對總體經濟產生什麼傾向的變化？這些都說明了實驗經濟學和代理
人基經濟學彼此互相延伸的必然性和必要性。

三、考察參觀活動(無是項活動者略)
無
四、建議
無
五、攜回資料名稱及內容
會議議程表
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challenge, and the autonomy of hybrid agent groups
(For the short version of the call,
see http://www.aaai.org/Symposia/Spring/sss12symposia.php#ss01 )
Hybrid group autonomy, organizations and teams composed of
humans, machines and robots, are important to AI. Unlike the war in
Iraq in 2002, the war in Afghanistan has hundreds of mobile robots
aloft, on land, or under the sea. But when it comes to solving problems
as part of a team, these agents are socially passive. Were the problem
of aggregation and the autonomy of hybrids to be solved, robot teams
could accompany humans to address and solve problems together on
Mars, under the sea, or in dangerous locations on earth (e.g.,
firefighting; reactor meltdowns; and future wars). “Robot autonomy is
required because one soldier cannot control several robots … [and]
because no computational system can discriminate between
combatants and innocents in a close-contact encounter.” [12]
Yet, today, one of the fundamental unsolved problems in the social
sciences is the aggregation of individual data (e.g., preferences) into
group (team) data [7]. The original motivation behind game theory was
to study the effect that multiple agents have on each other [10], known
as interdependence or mutual dependence. Essentially, the challenge
addresses the question: why is a group different from the collection of
individuals who comprise the group? That the problem remains
unsolved almost 70 years later is a remarkable comment on the state
of the social sciences today, including game theory and economics.
But solving this challenge is essential for the science and engineering
of multi-agent, multi-robot and hybrid environments (i.e., humans,
machines and robots working together).
Bonito and colleagues [5] explain why aggregating individual
information for human groups is unsolved: “What remains to be clearly
elucidated, is how communication among members provides
opportunities to make decisions that are not possible by examining
only individual competencies, abilities, and motivations.” We suspect
that if aggregation cannot be solved for human groups, it will be more
difficult to solve with AI for hybrid groups.
Aggregating data from teams is not direct: unlike an object in physical
reality, each agent sees events in social reality while embedded in
different locations; agents are differentially collecting, sending or
receiving information with other agents; and uncertainty is a factor in
these different information flows.
翻譯

For teams, we suspect that social uncertainty operates on two tracks.
One is based on measurement, the other on probability distributions
over allowed states. The first reflects physical characteristic of
interdependence (bi-stability and multi-stability; e.g., two or more sides
exist to every story), while the second reflects an incomplete
knowledge about a system as its degrees of freedom increase.
Hybrid agent teams must be able to report on their situation. Reports
by humans are often reduced to ordinal data (e.g., with Likert scales,
say, from 1 to 6). But “[t]he notion that modern economic theory can be
founded on ordinal utility theory is an error.” (p. 2, in [3]) The problem
was illustrated well for human agents when [4] no correlation was found
between the productivity of organizations and the assessments by
managers. Whether computational hybrid systems will be afflicted by
the same problem is an open question.
This AAAI Symposium has in mind an approach to the solution of the
following, non-exhaustive list of questions for hybrid teams:
1.
2.

3.
4.

5.

6.

7.
8.

What makes a group autonomous?
Is individual autonomy possible for a single hybrid agent [12]? If
so, can an autonomous individual agent be a social member of a
team? What else might be different?
Related to question #2, why are hybrid agent reports of behavior
not the same as observed behavior?
Why are groups, unlike individuals [11], able to multi-task
effectively [2] and, from an information theory perspective,
more efficiently [6]?
Human systems perform differently depending upon whether they
are organized and controlled centrally or locally (e.g., [1],[8]). This
question addresses the theoretical perspective of information
flow; e.g., is information about a hybrid organization’s defenses
transmitted with natural language better than the information
obtained from observing the same organization’s performance
under a social perturbation (e.g., organizational volatility as a
consequence of a cyber-attack)?
As an alternative to question 4, is the rational construction of
reality derived competitively at the individual level different from
the dynamic information derived cooperatively at the
organizational level?
Why isn't the production of hybrid social autonomy a simple
problem?
What would a mathematical model of aggregation look like [9]?
Would such a mathematical model account for social autonomy;
the inability of an agent's reports to capture its behavior; and the
differences observed between the results obtained with the
applications of game theory to the toy problems favored by
researchers (viz., normative solutions) versus the real solutions
found in the field made by autonomous organizations of humans
(e.g., Apple, Google)?

General Comments:
This symposium will bring together researchers interested in how
aggregation for humans, machines and robots can be applied directly
to solve problems with AI more efficiently or to address previously
unsolved problems in other fields with AI. We provide three aspects of
the same problem.
First, in the hybrid social model, as opposed to the statistics of
frequencies in traditional analyses, measurements collapse the
interaction between say two hybrid agents into two single-agent
meaning states. That these two meaning states can be reported
separately necessarily loses the dynamic actor-observer information
being exchanged during an interaction.
Second, one of the unsolved problems in social science is the social
interaction [15], long considered unsolvable with traditional psychology
[16]. Scientists know that measuring human participants in an
interaction changes their thoughts and behaviors [14]. One speculation
is that a computational model which tracks bi-stable changes actually
tracks non-commutative interdependencies in human action and
observation as believed by Bohr [13] and Heisenberg [18]. This means
that researchers must find a way to instantiate "mutual awareness"
among interacting agents that then "collapses" into individual agent
facts when "measured", but consequently, losing social information
[19].
Third, organizational theory today is in a poor state [17]. Solving the
fundamental interaction problem in AI may be key to engineering
computational multi-agent systems, multiple human-robot systems, and
robot-robot or hybrid systems. It is possible that the interaction will be
solved computationally with brute force, but, we suspect, not efficiently.

Specific Instructions:
The connection between AI and hybrids must be clearly specified.
Papers should also address one or more content areas by specifying
the relevance of their topic to AI or how AI may be used to solve a
specific content area:
· Computational swarms of hybrid groups, teams, organizations or
systems
·

Computational Political or Economic Science of hybrids

·

Computational biology of hybrid teams, organizations or systems,

·

Computational Decision making for hybrids

·

Computational social Interaction of hybrids

· Computational hybrid organizations and systems (all types
including corporations; also organizational and system processes such
as mergers; and computational results such as culture, ethnicity, etc.)

as mergers; and computational results such as culture, ethnicity, etc.)
· Other computational group hybrid effects (possible topics: traffic
congestion; conceptual complexity; environmental disasters; and
environmental contamination cleanup decisions; creativity and
innovation; social power; deep space or interplanetary space travel;
mining)

By October 7th, interested participants should submit either full
papers (6 pages maximum) or extended abstracts (2 pages
maximum). Please submit papers in AAAI style via EasyChair (the
login page is at: https://www.easychair.org/account/signin.cgi?
timeout=1; repeated from above, for information about AAAI's
Spring Symposia,
see http://www.aaai.org/Symposia/Spring/sss12symposia.php#ss01).
Please contact one of the organizers to resolve for a short extension
or any other problems with these arrangements.

Organizers:
W.F. Lawless, Paine College; wlawless@paine.edu
Don Sofge, Naval Research Laboratory; Navy Center for Applied
Research in Artificial Intelligence; don.sofge@nrl.navy.mil
Mark Klein [m_klein@MIT.EDU], Principal Research Scientist at
the MIT Center for Collective Intelligence, Affiliate at the
Computer Science and AI Lab and the New England Complex
Systems Institute
Laurent Chaudron, ONERA Provence Research Center (French
Air Force Academy), laurent.chaudron@polytechnique.org

Invited Speakers (Confirmed)
Barabási, Albert-László, Director of the Center for Complex
Network Research (http://www.barabasilab.com), alb@neu.edu
Tambe, Milind, Professor, Computer Science & Industrial and Systems
Engineering Departments, University of Southern
California, tambe@usc.edu

Agenda (March 26-28, 2012):
AI, The Fundamental Social Aggregation Challenge, and the Autonomy of
Hybrid Agent Groups (SS01;
http://www.aaai.org/Symposia/Spring/sss12symposia.php#ss01)
9:00 am – 10:30 am Session
9:30 am Opening Session. Welcome
Don Sofge, Natural Computation Group, Navy Center for Applied Research in

Artificial Intelligence, Naval Research Laboratory, & Bill Lawless, Paine College, coorganizers
10-10:30 am Augmentation: From interdependence and bi-stability to social physics

Bill Lawless, Paine College, & Don Sofge, Naval Research Laboratory
10:30 am - 11:00 am Break
11:00 am - 12:30 pm Session
11:00 am – 12:00 am INVITED: Network Science: Understanding the
internal organization of complex systems, Albert-László Barabási,
Director of the Center for Complex Network Research, Northeastern
University
12:00 – 12:30 pm, On microeconomics and ordinal group decision making,
Jonathan Barzilai, Department of Industrial Engineering, Dalhousie University,
Halifax, Nova Scotia
12:30 pm - 2:00 pm

Lunch

2:00 pm - 3:30 pm

Session

2:00 pm – 3:00pm INVITED: Robotic Sensor Networks for
Environmental Monitoring
Volkan Isler, Computer Science and Engineering Department,
University of Minnesota
3:00 pm – 3:30 pm INVITED: Predicting the Prediction Market: Would
Smart Agents Help?
Shu-Heng Chen and Chen-Yuan Tung, Economics, National Chengchi
University; Chung-Ching Tai, Tunghai University; Bin-Tzong Chie,
Tamkang University; & Tzu-Chuan Chou, Academia Sinica.
3:30 pm - 4:00 pm

Break

4:00 pm - 5:30 pm

Session

4:00 pm – 4:30 pm The Complexity of Two: Dyadic Processes and the
Evolution of Social Processes, William Griffin and Xun Li, School
Social Family Dynamics, Center for Social Dynamics and Complexity,
Arizona State University
4:30 pm – 5:30 pm INVITED: Game theory for security: A fantastic
real-World challenge problem for Multi-agent Systems and Beyond,
Milind Tambe & Bo An, Computer Science Department, University of
Southern California
6:00 pm - 7:00 pm
Tuesday, March 27

Reception

9:00 am - 10:30 am Session
9:30am – 10:30 am INVITED: The effects of inter-agent variation on
developing stable and robust teams, Annie S. Wu, Director of the UCF
Evolutionary Computation Laboratory, R., Paul Wiegand, Ramya
Pradhan, & Gautham Anil, University of Central Florida. Paper
presented by Ramya Pradhan
10:30 am - 11:00 am Break
11:00 am - 12:30 pm Session
11:00 am – 12:00 am INVITED: Distributed Aggregation in the
Presence of Uncertainty: A Statistical Physics Approach, M. Ani Hsieh
& T. William Mather, Scalable Autonomous Systems Lab, Drexel
University
12:00 am – 12:30 pm How could we model cohesiveness in team
social fabric in human-robot teams performing under stress? GeertJan Kruijff, German Research Center for Artificial Intelligence,
Saarbrucken, Germany
12:30 pm - 2:00 pm

Lunch

2:00 pm - 3:30 pm

Session

2:00 pm – 2:30 pm Augmentation, Lt. Gregory O. Gibson, USN, & Paul
D. Hyden, Information Technology Division, Naval Research
Laboratory
2:30 pm – 3:00 pm Modeling the effects of International Interventions
with Nexus Network Learner, Deborah Duong, Agent Based Learning
Systems, Birmingham, Alabama
3:00 pm – 3:30 pm SNARE: Social Network Analysis and Reasoning
Environment, Doug Riecken, Anita Raja, George Alexander, Rebecca
J. Passonneau & David Waltz, Columbia University Center for
Computational Learning Systems
3:30 pm - 4:00 pm

Break

4:00 pm - 5:30 pm

Session

4:00 pm – 4:30 pm Review of two days. Don Sofge
6:00 pm - 7:00 pm

Plenary Session: Don Sofge

Wednesday, March 28
9:30 – 10:30 am Open discussion: Future Research Directions in
Trustable Autonomy and the Social Dynamics of Mixed Human-Robot
Teams. Don Sofge & Doug Riecken
10:30 am - 11:00 am Break

11:00 am Summary session, future plans: Don Sofge

Program Committee:
Arfi, Badredine, University of Florida, theoretical physics and
political science, barfi@ufl.edu
Axtell, Rob, Krasnow Institute, Computational Social Science,
Chair, http://www.css.gmu.edu/?q=node/27; rax222@gmu.edu
Barzilai, Jonathan, Dept of Industrial Engineering, Dalhousie
Univ., barzilai@dal.ca,
Bonito, Joseph A. Associate Professor of Communication,
jbonito@u.arizona.edu
Chaudron, Laurent, ONERA, aeronautical human factors,
laurent.chaudron@onera.fr
Griffin, W., Center for Social Dynamics and Complexity, U.
Arizona, WILLIAM.GRIFFIN@asu.edu
Louca, J.. ISCTE, Lisbon, computer science, Jorge.L @ iscte.pt
MacKerrow, Edward, Los Alamos (LANL),
(mackerrow@lanl.gov).
Pentland, Alex `Sandy’, MIT’s Human Dynamics Laboratory and
the MIT Media Lab Entrepreneurship Program, sandy@media
Rieffel, Eleanor, Senior Research Scientist, FXPAL,
http://www.fxpal.com/people/rieffel/
Rouse, William B., Professor (Joint Appointment with College of
Computing, Executive Director, The Tennenbaum Institutue

References:
Ahdieh, R. G., Beyond individualism and economics, Retrieved
12/5/09 from ssrn.com/abstract=1518836 (2009). "Beyond
individualism and economics." Retrieved 12/5/09
fromssrn.com/abstract=1518836
Ambrose, S. H. (2001). "Paleolithic technology and human
evolution." Science 291: 1748-53.Barzilai, J. (2010), Correcting
the Mathematical Foundations of the Social & Economic
Sciences, from NSF SBE 2020: Future Research in the Social,
Behavioral & Economic Sciences,
http://www.nsf.gov/sbe/sbe_2020/submission_detail.cfm?
upld_id=39.

Barabási, A.-L. (2009). "Scale-free networks: A decade and
beyond." Science 325: 412-3.
Bloom, N., Dorgan, S., Dowdy, J., & Van Reenen, J. (2007).
"Management practice and productivity." Quarterly Journal of
Economics 122(4): 1351-1408.
Bonito, J.A., Keyton, J. & Sanders, R.E. (2010), The Grand
Challenge of Understanding Group Effectiveness—ID# 220,
published by NSF SBE 2020, at
http://www.nsf.gov/sbe/sbe_2020/all.cfm.
Conant, R. C. & Ashby, W.R. (1970). "Every good regulator of a
system must be a model of that system." International Journal of
Systems Science 1(2): 899-97.
Giles, J. (2011). "Social science lines up its biggest challenges.
'Top ten' crucial questions set research priorities for the field."
Nature 470: 18-19
Hayek, F. A. (1994). The road to serfdom. Chicago, University of
Chicago Press.
Lawless, W. F., Rifkin, S., Sofge, D.A., Hobbs, S.H., AngjellariDajci., F., Chaudron, L. & Wood, J. (2010a). "Conservation of
Information: Reverse engineering dark social systems." Structure
and Dynamics: Structure and Dynamics,
4(2) (escholarship.org/uc/item/38475290)
Von Neumann, J., and Morgenstern, O. (1953). Theory of games
and economic behavior. Princeton, Princeton University Press.
Wickens, C. D. (1992). Engineering psychology and human
performance (second edition). Colombus, OH, Merrill Publishing.
Sharkey, N. (2008), COMPUTER SCIENCE: The Ethical
Frontiers of Robotics, Science, 322(5909): 1800 – 1801.
Bohr, N. (1955). Science and the unity of knowledge. The unity of
knowledge. L. Leary. New York, Doubleday: 44-62.
Carley, K. M. (2003). Dynamic Network Analysis. Dynamic
Social Network Modeling and Analysis. Workshop Summary and
Papers. R. Breiger, Carley, K., & Pattison, P., National Research
Council of the National Academies, The National Academies
Press, pp. 133-145.
Allport, F. H. (1962). "A structuronomic conception of behavior:
Individual and collective." Journal of Abnormal and Social
Psychology 64: 3-30.
Jones, E. E. (1990). Interpersonal perception. New York,
Freeman.
Pfeffer, J., & Fong, C.T. (2005). "Building organization theory
from first priµciples: The self- enhancement motive and

from first priµciples: The self- enhancement motive and
understanding power and influence." Org. Science 16: 372-388.
Heisenberg, W. (1958/1999). Language and reality in modern
physics. Physics and philosophy. The revolution in modern
science. New York, Prometheus Books, Chapter 10, pp. 167186.
Wendt, A. (2005), Social theory as Cartesian science: An autocritique from a quantum perspective. In S. Guzzini & A. Leander
(Eds.), Constructivism and International Relations, Routledge,
pp. 181-219 (excluding references).

登入 | 檢舉濫用情形 | 列印頁面 | 移除存取權 | 由 Google 協作平台技術提供

Predicting the Prediction Market: Would Smart Agents
Help?
Shu-heng Chen
AI-ECON Research Center, Department of Economics, National Chengchi University, Taipei 116, Taiwan

Chen-Yuan Tung
Center for Prediction Markets, Graduate Institute of Development Studies, National Chengchi
University, Taipei 116, Tawian

Bin-Tzong Chie
Department of Industrial Economics, Tamkang University, Tamshui, New Taipei, Taiwan

Chung-Ching Tai
Department of Economics, Tunghai University, Taichung, Taiwan

Tzu-Chuan Chou
Center for Prediction Markets, National Chengchi University, Taipei 116, Tawian

Abstract
Keywords: Prediction Markets, Good Players, Hayek Hypothesis, Marginal
Trader Hypothesis
1. Introduction
The market is generally operated under a group of heterogeneous agents, who
differ in many dimensions, from their gender, education, religion, cultural inheritance, to personality and cognitive capacity, etc. Their decision making might be
under the influence of these characteristics. Over the last few years, experimental
economists attempted to examine some possible effects due to gender, culture inheritance, cognitive capacity and personality. For example, Roth et al. (1991) and
Kachelmeier and Shehata (1992) have addressed the questions that whether the
market dynamics and operational efficiency can be different under different cultural inheritance, but they all cannot find the presence of such effect. In addition
to cultural inheritance, the effects of gender, cognitive capacity and personality
have also been studied, but only at the individual level rather than at the market
or the aggregate level.
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Hence, the study which we would like to conduct in this article is to continue
the research line initiated by Alvin Roth but extending it into a different direction:
instead of cultural inheritance or any other personal characteristics, we shall look
at the quality of market participants characterized by their quality of decision making.
Specifically, the research question which we pursue in this study is whether the
quality of market operation will depend on the quality of decision makers. Would a
market composed of a group of superior decision makers who tend to make good
decisions perform better than a market composed of inferior decision markets
who tend to make poor decisions?
To make sense of this research issue, let us think in this way. The whole market
dynamics and its performance are resultant from millions or trillions of decisions:
some are good and some are bad. In an extreme situation, one may assume that
the sum of these individual decisions may have little aggregate effect. In this extreme
case, who are in the market and how well they do are simply not important.
While not exactly the same, this extreme case can be related to the Hayek hypothesis (Hayek, 1945; Smith, 1982), which emphasizes the power of the market comes
from the sum (aggregation) not the individuals: the characteristics and quality
of market participants are all unimportant. In fact, the zero-intelligence agent, frequently used in agent-based computational economics, is quite in harmony with
these two hypotheses (Gode and Sunder, 1993).
Economists, of course, understand that markets can go wrong and cannot solve
all the problem (McMillan, 2002), but, for a quite long time, these failures or the
imperfections are rarely attributed to the quality of market participants or the
zero-intelligence agents. Nevertheless, recently, this intelligence-irrelevance hypothesis has been challenged severely. First, in ACE, it is quite clear in many
cases that zero intelligence is simply not sufficient to enable markets allocate resources efficiently (Othman and Sandholm, 2010). Second, there are empirical
evidence lending support to the relation between intelligence and economic prosperity (Lynn and Vanhanen, 2002, 2006).1
Therefore, although the sum can be quite powerful, the components may play
an important role as well. This motivates our alternative hypothesis: the sum of
the superior components is better than the sum of the inferior components. The question
remained is then how we can actually give such a hypothesis a test, not based on
what-if simulations, but on real observations. The literature of testing the Hayek
hypothesis can be considered as a two-stage development, starting from the laboratory experiments with human subjects in the 1960s (Smith, 1982; Davis and
Williams, 1991) and proceeding further to the field experiments, like prediction
markets (Forsythe et al., 1992), in the 1990s. Compared with the former, the latter
1 While these two books are very provocative, one can hardly ignore that adding few intelligent

people can make the whole society rich and richer, as the way that Norman Macrae stated in his
biography of John von Neumann (Macrae, 1999), “The cheapest way to make the world richer
would be to get lots of his like.” (Ibid, p. 3)
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Figure 1: Research Framework

is considered as a tougher test for the Hayek Hypothesis, since it more deeply
involves the element of knowledge-using in the Hayek hypothesis in the form of
discovery procedures (Hayek, 1968). In this article, we shall test our hypothesis
that the quality of participants can contribute to the market performance using
prediction markets; for convenience, we shall call this the good player hypothesis.
The idea of testing the good player hypothesis in the context of prediction
market is not completely new; in fact, to some extent, it is related to the wellknown marginal trader hypothesis, initially proposed by Forsythe et al. (1992). The
marginal trader hypothesis assumes that, to be distinguished from the average
traders, there is a (small) group of well-informed traders, who are able to keep
price close to its fundamental value. Marginal traders, therefore, provide the key
mechanism which makes the prediction market work.2 However, a fundamental
difficulty for the marginal trader hypothesis is that it is not entirely clear on how
to identify this information-advantageous group of traders. Nonetheless, as we
shall see in our paper, the way which we identify the group of good players is
entirely transparent.
The rest of the paper is organized in form of the research framework presented
in Figure 1. The study naturally begins with answering two questions: who are
good players and how active were they in the market? To answer the first question, Section 2.1 will give the key definition of good players and make the definition operational by parameterizing them. To answer the second question, Sec2 The

empirical study of the marginal trader hypothesis has a mixing result, having been
accepted and rejected. In his best-selling book, The Wisdom of Crowds, James Surowiecki has
lengthily criticized this hypothesis and suggest that there are other reasons which make prediction market work, but not the existence of marginal traders. His eloquent argument has then been
coined as the Surowiecki hypothesis as an alternative hypothesis of the marginal traders hypothesis
(Blackwell, 2011).
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tion 2.2 proposes a number of monitors or statistics, based on population density,
trading frequencies and trading volumes, to watch and measure how actively or
intensively these good players are. The empirical study conducted in this paper
is based on the XFuture database. Section then gives the background of XFutue
and its design (Sections 3.1 and 3.2), and the data to be used in this analysis sorted
by the three characterizations of the prediction markets, namely, the complexity
of the future events, the activeness of the market and the heterogeneity of participants’ beliefs (Section 3.3).
2. Good Players
2.1. Who Are Good Players?
A market participant is called a good player if his market performance over a given
window of the past in a specific domain is ranked at the top of all market participants. To be operational, we need to be more specific on the constituents of this
definition, namely, the performance measure, the domain, the window size, and the
tail size.
Performance Measure. Since 2008, XFuture has constantly maintained a repertoire
of trading performance for each registered participant. The performance measure is based on four criteria, including two cumulative ones and two average
ones. The two cumulative ones are the cumulative profits and the number of
winning games, i.e., the number of the future events which the agent has traded
and, after settlement, earned positive profits. The two average ones are average profits and the winning ratio, which are the two aforementioned cumulative
numbers divided by the number of future events traded by the agent. The participant’s performance can then be ranked by the sum of four criteria using an equal
weight.
Domain. While XFuture was originally designed for election prediction, it has
gradually developed into a comprehensive market for various kinds of uncertain events, including politics, economics and finance, interior affairs, cross-Strait
(China-Taiwan) affairs, international affairs, sports, and entertainment (Chen et
al., 2011). Each of which may attract participants with different backgrounds and
preferences. Each domain can, therefore, have its own good players, whose superior performance is restricted to that specific domain. Since in this study we
are mainly concerned with the performance of election prediction, it is naturally
to define the good players in this domain. Nonetheless, we also consider the contrasting case where no specific domain is referred. i.e., all domains and all future
events are considered relevant when defining good players.
Window Size. While the dataset of XFuture can allow us to explore different window sizes, the one which we regularly announce on the web is based on the
longest window, i.e., the one since the launching of our ranking exercise, and is
4

Table 1: Variables Pertaining to the Behaviors of Good Players
Order in the Sequence
1
2
3
4

Variables
Variations
Participation Intensity share, frequency, volume
Time Horizon
all, 15
Domain
all, e
Rank
(x) 100, 200, 300
(y) 1%, 5%, 10%

All variables related to good players will be coded by following the sequence 1-2-3-4 given above
and always using GP as the leading term. Let us take the first variation under each variable as
an example. Hence, GP share all all 100 means the relative size of good players ( share) over the
entire duration of the future contract ( all), good players being defined in terms of the top 100
players ( 100) over all domains ( all).

refreshed on a daily basis. In this analysis, we shall apply this window size to
all our futures. By this window size, the experienced traders may have some
advantages over the fresh traders in the two accumulative criteria, but the fresh
well-performing traders can have advantages over the experienced traders in the
two average criteria. The use of this long and constantly enlarging window basically make all participants be difficult to be good players simply by their lucks,
but by establishing their reputation.
Tail Size. For the tail, we considered the tail both in its absolute sense as well as
in its relative sense (percentage) sense. For the former, a good player must be in
the top x of the pool of the participants, for example, top 100, top 200, etc. For the
latter, a good player must be in the top y% of the pool of the participants, for example, top 1%, top 5%, etc. Different values of x and y automatically corresponds
to different sizes of good players. Since good players are not mediocre, these two
values have to be small, but the question is how small it ought to be. There seems
no definite answer for this question; hence, in this analysis, we consider three
different values of x, namely 100, 200 and 300, and three different values of y,
namely, 1, 5 and 10.
2.2. What Did Good Players Do?
The contribution of the good players to market performance, if there is any, is
through their participation. If the good-player hypothesis is true then the higher
the participation intensity of the better the market performance. Therefore, the
next step is to see how we can measure the participation intensity of good players. In this analysis, we consider three possible measures, namely, by their headcounting, by their trading frequencies, and by their trading volumes.
By head-counting, we measure the population size of good players relative to
the total number of players, briefly, and denote it by GP share. Similarly, by trad5

The Election Day
All Days

15 Days

The Issue Day

Good Players

The Expiration Day

Ranking of
the Day

Figure 2: Dynamics of the Elementary Cellular Automata: Rule 126 and Rule 30

ing frequencies and trading volumes, we also measure the size of these two made
by good players relative to total trading frequencies and total trading volumes,
and denote them by GP frequnecy and GP volume.
All the three measures may not be stable over time since participation intensity
changes over time under the influence of various shocks and news. We, therefore,
consider two possible market horizons for these three measures, one using the
entire duration of the future contract, and the other using the last 15 days. They
are denoted by all and 15.
2.3. Summary
Table 1 summarize various good players which we introduce in this section.
To make our following presentation easier, each version of the good player and
their market involvement will be denoted by using a sequence to arrange various
attributes in a order: starting with the participation intensity, followed by time
horizon, then by domain and, finally by rank. For example, GP share 15 all 10%
means that the relative size of good players, defined in terms of the top 10% of all
domains, in the last 15 trading days. Altogether, this table can give us a total of
72 variable related to the good players.
We also use Figure 2 to summarize what we have been up to. Very bottom of
Figure 2 indicates that the ranking on the daily base runs with time flow. For any
6

Table 2: Events and Contracts Included in the Analysis
Year
2008
2009
2010
Total

Nature
Legislative Election (National)
Presidential Election (National)
Legislative By-Election (Local)
County Magistrate Election (Local)
Municipality Mayoral Election (Local)

Number of
Defined Events
73
26
10
17
11
137

Number of
Contracts
275
52
26
41
26
420

specific event (election), the last trading day is the day before the election. The
ranking of that day will give a list of good players based on the description given
in Section 2.1. The market participation intensity of these good players will be
measured based on Section 2.2 using either the entire duration of the futures or
the last 15 days before the expiration, as shown in the upper part of the Figure.
3. Data Description
3.1. XFuture
The data used in this paper is available from XFuture.3 The data involved in
this analysis is basically a variation of the one used in Chen et al. (2011). The
dataset used in Chen et al. (2011) has 172 political events and 575 contracts, and
the one used in this analysis has only 137 events with 420 contracts. The main
cause of the difference between these two versions is that the data regarding good
players are not available until 2008, which cause the interest of this research not
applicable to the first two year of the dataset, i.e., 2006 and 2007. Also, in this
research, we have a focus on the domestic political event rather than international
political event; hence, some events, particularly those happening in year 2008,
such as the presidential election in the US, are also excluded. The major future
events involved in this analysis is summarized in Table 2.
Moreover, the 420 future contracts of the 137 events are all issued and traded in
winner-takes-all markets with multiple options. The winner-takes-all market and the
share market are two popular designs for the prediction market of political elections. In the former case, the termination price is either 100 (if the event occurs
3 XFuture

was initially set up in Year 2006. It has then boomed in popularity particularly following the setting up of the Center for Prediction Markets in mid-2006.4 Five years on (up to
2012, February), XFuture has issued 22,163 futures distributed over 3,046 events with 4.34 million
submissions, 2.58 million matches and a total trading volume of 453 million. Participants are no
longer restricted to local people. In the most recent year, visitors come from 3,488 cities in over
128 countries, which cover all cities in Taiwan, 313 cities in China, and 1,834 cities in the US. For
more, the interested reader is referred to Chen et al. (2011).
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or the candidate is elected) or 0 (if the event does not occur), whereas in the latter
case the termination price is determined by the voting shares. While XFuture has
both of these two designs; the former is more prevalent and has more observations than the alternative; hence, all events studied in this analysis all have the
winner-takes-all design.
In the winner-takes-all design, each event is associated with one or more than
one option (futures). Most events, however, have multiple options. The typical example is an election involving a number of candidates, and we have a futures contract for each candidate. In this case, the futures (candidate) with the
highest price is considered to be the market prediction. Take the 2008 Presidential Election in Taipei City, Taiwan as an example. There are three options under this event; they correspond to the two major candidates, Ying-Jeou Ma and
Frank Hsieh, and others, respectively. The three options are stated as follows:
“Ying-Jeou Ma’s vote share is the highest among all candidates in Taipei,” “Frank
Hsieh’s vote share is the highest among all candidates in Taipei,” and “Neither
Ma’s nor Hsieh’s vote share is the highest among all candidates in Taipei.” The
closing price of these three futures are 99.44, 0.50, and 0.10. Hence, based on the
highest price, the market predicts that the candidate with the highest vote share
in Taipei City is Ying-Jeou Ma. This prediction turns out to be correct because
Ma’s vote share in Taipei city is 63.03% and Hsieh’s vote share is only 36.97%.
3.2. Performance of the 420 Contracts
Since the purpose of this analysis is to examine the possible role of good players in beefing up the prediction performance of prediction markets, it would be
useful to look at it first on how our these 420 contracts performed. Before that,
we shall introduce the notations related to prediction accuracy below to facilitate
our further analysis.
Let Zi be a predicate variable, denoting the accuracy of the prediction made
based on a specific futures i of event Ej , i = 1, 2, ..., n j , where n j is the number of
the options associated with Ej . Zi =1, if the prediction according to the final price
of the future, pi,T , is correct, and, 0, if it is incorrect. Formally,
⎧
⎨ 1, if Pi,T = Pj,max and Pi,s = 100 (the respective candidate i wins) ,
Zi =
1, if PT = Pj,max and Pi,s = 0 (the respective candidate i fails),
⎩
0, otherwise,
(1)
where Pi,T is the weighted price of the last trading day,
nj

Pj,max = max{ Pi,T }i =1 ,

(2)

and Pi,s is the termination price (the settlement price) of the contract. Based on the
winner-takes-all design (Section 3.1), Ps is either 100 or 0. It is 100, if the respective
candidate wins the election; otherwise, it is zero. Out of our 420 contracts, 388 has
a value of Zi being one, and 32 has a vale of Zi being zero.
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3.3. Characterizations of Prediction Markets
Generally speaking, a prediction market can be characterized by variables listed
in Table 3. The market variables summarized in Table 3 can be separated into a
few major categories which captures different components of the prediction markets. Harnessing these components may help understand the function of prediction markets. They are:
• Complexity of the event,
• Activeness of the market, and
• Heterogeneity in participants’ belief.
We shall go through each of them below.
Complexity. The first one is the complexity or the difficulty the future event on
hand. This consideration seems to be nature since problem complexity challenges
the intelligence of crowd as it challenges the intelligence of individuals. In the
context of election events, prediction can become hard with great uncertainty
when the competition among candidates is keen. This consideration, therefore,
prompts the idea of the number of contracts under the same event. Complexity
of the event can be straightforwardly measured by the number of contracts (NC).
However, sometimes, the power of candidates may be very unevenly distributed;
therefore, it will be more meaningful to think of the effective number of contracts.
The number of effective number of contracts can be estimated using the final
prices of all contracts, Pi,T in a way very similar to the way we measure entropy,
such as,
nj
1
NEPC j = ∑
.
(3)
P
i =1 i,T
We abbreviate this estimated effective number of contracts based on final price
NEPC, as shown in Equation (3).
Activeness. Almost all studies of prediction markets attribute its working to market activeness. The activeness of the market can be measured by the variables
grouped as the second blocked in Table 3, which includes the number of traders
in this market (Traders), the frequencies of the submissions (Trades), the trading
duration of the market (Days), and the trading volume (Volume).
4. Data Analysis
The set of variables which we have been through covers two kinds of variables:
one is related to the behavioral variables of good players (72 possible variables)
as described in Section 2, and one is related to the market characterizations (18
variables) in Section 3.
9

Table 3: Description of the Variables

Variables
Pi (PT )
NC
NEPC
Trades
Traders
Two way
IP share
Days
Volume
Buy sell

Descriptions
Weighted average price of the last trading day
Number of contracts
Number of effective contracts estimated by { Pi,t }
Number of trades of a contract
Number of traders of a contract
Ratio of two-way traders of a contract
Ratio of local traders (traders in Taiwan)
Trading days (Duration) of a contract
Trading volume of a contract
The logarithmic value of the number of the bid orders over
the number of the ask orders of a contract
WBAS
The weighted average of the bid-ask spread of outstanding orders,
calculated by separating the bid and ask orders
WBAS2
The weighted average of the bid-ask spread of outstanding orders,
calculated by pooling bid and ask orders
FBAS
The weighted average of the bid-ask spread of the best 10
outstanding orders, calculated by separating bid and ask orders
FBAS2
The weighted average of the bid-ask spread of the best 10
outstanding orders, calculated by pooling bid and ask orders
SE
Standard deviation of all transaction prices on the last trading day
Limit Order Ratio number of transactional limit orders divide by the number of
total transactional orders
Traded order ratio Ratio of traded orders over all orders

In our data analysis, we consider both the standard linear econometric model,
i.e., the logit model, and the more data-driven computational intelligent alternatives. For the latter, there are many possibilities, and the one which we choose
is the decision tree. This is because that decision tree is frequently taken as the
benchmark when evaluating new intelligent tools. The current purpose is not
run a horserace among different tools; on the contrary, in spirit of the modern
hybridized intelligence paradigm, what done here is to combine the decision tree
and the logistic regression into a single body of analysis.
The purpose is to see whether, through more careful analysis, we can have any
evidence to say about the significance of the good players. A two-stage scheme
is then proposed. In the first stage, decision tree is run over all variables, the
behavioral variables of good players and the market variables. This analysis will
10

then help us have a better focus on a subset of a large number of variables.
In the first stage of analysis, we did use decision trees to run horseraces among
the behavioral variables of good players. Basically, we divide the set of 72 variables into 24 non-overlapping subsets by domain (two domains), by participation
intensity (three measures), by market horizons (two horizons) and by ranks (absolute vs. relative). The partition of the set of variables which may compete with
themselves help us not to run decision trees over a number of redundant variables. Each partition has only three behavioral variables left, which differs in tail
size (x or y).
Hence, the idea is to run the competition in the tail size by examining the
decision-tree results within each participation, and then to run the competition of
the rest of attribute combinations by examining the decision-tree results among
different partitions. The criteria applied to this horse races are the measures frequently applied to the two-class classification problem. Basically, there are three.
One can have more focus on the accuracy rate when the prediction market delivers a positive prediction, or when it delivers a negative prediction, or a overall
accuracy rate over both cases. We run the horseraces with these three different measures and the result show, among all behavioral variables, the best set
to consider are: all for the domain, 15 days for the market horizons, share for
the participation density. Therefore, only six behavioral variables are left for the
second-stage analysis using logit regression. The six are GP share 15 all x or y.
4.1. Logit Regression
ln
where

p
= X β
1=p

p = Prob(Z = 1 | X )

(4)
(5)

5. Concluding Remarks
While the Hayek hypothesis has been extensively examined in the context of
experimental markets and prediction markets, few have questioned the quality
of market participants. On the other hand, while the determinants of the performance of the prediction markets have been studied intensively, the wisdom of
crowd remains a mystery. This study, to the best of our knowledge, is the first one
to uncover a working principle of the prediction market, namely, the presence of
good players.
Based on our quite extensive search over a large number of possible combinations, we find that the top 10% players, defined in term of the performance over
the election domain, play a quite crucial role. The appearance of these players
to the market during the entire horizon can beef up the accuracy rate of the prediction market. In fact, among all variables in our logit regression, it is the most
significant one.
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Table 4: Logistic Regression Result
Variables
Pi
NC
NEPC
trades
traders
two way
IP share
days
volume
buy sell
WBAS
FBAS2
Limit ratio
Traded order ratio
GP share 15 all 10%
Avatar 15 ratio 100
OnSiteTime 15 100m
AvgQty PerOrder 15 1600m
Constant

B
S.E Wald df Sig.
Exp(B)
-.012
.009 1.786 1 .181
.988
.250
.181 1.899 1 .168
1.284
-1.215
.635 3.662 1 .056
.297
.004
.002 2.180 1 .140
1.004
-.021
.011 3.620 1 .057
.980
-2.413 2.448
.972 1 .324
.090
-6.650 8.287
.644 1 .422
.001
.287
.114 6.351 1 .012
1.333
.000
.000
.884 1 .347
1.000
.239
.189 1.589 1 .207
1.270
-.002
.012
.022 1 .882
.998
.017
.008 4.393 1 .036
1.017
2.477 2.941
.710 1 .399
11.911
3.769 2.599 2.104 1 .147
43.352
6.139 2.109 8.478 1 .004
463.756
-.861 2.883
.089 1 .765
.423
-11.209 18.871
.353 1 .553
.000
-38.234 23.917 2.555 1 .110
.000
28.875 24.515 1.387 1 .239 3.470E12
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Table 6: Logistic Regression Result
Variables
Pi
NC
NEPC
trades
traders
two way
IP share
days
volume
buy sell
WBAS
FBAS2
Limit ratio
Traded order ratio
GP share all e 10%
Avatar 15 ratio 100
OnSiteTime 15 100m
AvgQty PerOrder 15 1600m
Constant

B
S.E Wald df Sig.
Exp(B)
-.003
.010
.072 1 .788
.997
.272
.184 2.198 1 .138
1.313
-1.584
.653 5.893 1 .015
.205
.004
.003 2.508 1 .113
1.004
-.022
.011 3.849 1 .050
.978
-.553 2.736
.041 1 .840
.575
-4.137 8.435
.241 1 .624
.016
.226
.123 3.348 1 .067
1.253
.000
.000 1.376 1 .241
1.000
.096
.197
.239 1 .625
1.101
.009
.012
.500 1 .480
1.009
.013
.008 2.461 1 .117
1.013
2.576 3.011
.732 1 .392
13.144
3.754 2.557 2.156 1 .142
42.712
11.759 4.065 8.368 1 .004 127940.423
-2.155 2.912
.548 1 .459
.116
-14.095 18.828
.560 1 .454
.000
-39.327 24.022 2.680 1 .102
.000
29.837 24.500 1.483 1 .223
9.083E12

Table 7: Classification Table
Predicted
result max
0
1
Observed
result max 0 11
21
1 2
386
Overall Percentage
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Percentage Correct
34.4
99.5
94.5

Table 8: Importance of All Variables
Variable
Importance
GP share all e 10%
100.0
GP share 15 all 10%
74.6
GP share 15 all 200
63.0
63.0
GP share 15 all 300
days
50.1
43.1
GP share all all 10%
GP share 15 all 100
43.1
GP share all e 5%
29.2
NEPC
20.2
18.0
Avatar trade 15 ratio 500

Table 9: Importance of Selected Variables
Variable
Importance
OnSiteTime 15 100m
100.0
GP share 15 all 10%
96.7
GP share 15 all 5%
70.5
NEPC
49.4
48.0
OnSiteTime 15 10m
29.0
AvgQty PerOrders 100m
AvgQty PerOrders 15 200m
23.9
AvgQty PerOrders 200m
15.8
WBAS
15.8
trades
14.3
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一、參加會議經過
由於本人擔任 IEEE Society of Computational Intelligence 中 Computational Finance and
Economics Technical Activities Committee (CFETC) 的主席，故此次在 WCCI 2012 下，為 CFETC
旗下六個 Task Forces 籌組了一個聯合的 hybrid special session: Computational Intelligence in
Finance, Economics, and Management Sciences (CIFEMS)。CIFEMS 在本次大會中，共有九篇文章，
分五場進行。本人擔任其中四場的 session chair，並發表以上論文，探究將社會網路(social network)
加入典型的 El Farol Bar problem，是否會得到最適均衡？結果發現，只要有四分之一的人願意
“Keep up with the Jones”，就能達到最適均衡。另外，在金融方面，則有文章討論學習與資訊對市
場價格以及 Portfolio 組成的影響，在管理方面，有以 AI 來計算機票的漲跌等。除參加論文發表之
外，因本人為 CFETC 主席之故，此行同時參加了 Society of Computational Intelligence 的
Administrative Committee meeting 及 Technical Activities Committee 之半年會，此次會議的重點，在
於如何推廣 Computational Intelligence 的教育問題，對於 workshop 、tutorial 、summer school 以
及正規教育的爭取等，會議中多有討論，以供學會執行人員參考。
除此之外，CFETC 亦在會議期間舉辦會員大會，會中提議需重組 CFETC 內之 task forces，由能
夠積極參與的人士負責，並希望多與業界人士互動，而非僅由學界人士參加。同時決議增加一個
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educational task force ，配合 IEEE Society of Computational Intelligence 新推出的教育發展主軸。同
時通過 CFETC 的主要會議：IEEE Symposium on Computational Intelligence for Financial Engineering
& Economics，2013 將置於 2013 IEEE Symposiums Series on Computational Intelligence 之內，於４
月 15-19 日在新加坡舉行。

二、與會心得
此次會議，最大收獲，在於與其他學者交流 El Farol Bar problem 運用在資源分配問題。一般皆
皆將該問題視為 game theory 的一種，討論個體的決策行為。我們可謂是將社會網路加入該問題來
研究的第一篇文章，這讓過去該問題無法由個體決策達到最適化的結論，有了改變的機會。我們
初步研究的結論，似乎可以說明一個社會，在某種社會網路的結構下，或是說，在某種個體的互
動關係下，是可以完全基於 decentralized decision making 達到有效的資源分配，而不需靠任何由上
而下所定的規定。但確切在何種網路下？這個網路的形成需要什麼要件？形成這個網路的個體，
需有什麼特質？而我們初步研究所得到的 25%，究竟代表什麼含意，和 tipping point 有關嗎？這
個百分比，可以 generalize 嗎？如果可以，是否可以代表一個社會，只要改變四分之一的人，就有
機會將這社會引導到一個所謂最適分配的情境下嗎？這些討論讓本人非常感興趣，並打算著手深
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Abstract—The El Farol Bar problem, introduced by [1], has
over the years become the prototypical model of a system in
which agents, competing for scarce resources, inductively adapt
their belief-models to the aggregate environment that they jointly
create. The works on the El Farol Bar problem which retained
the best-reply learning of that seminal model show that, if the
agents make use of global information, the aggregate attendance
keeps fluctuating around the threshold level. Works where bestreply behavior has been replaced with reinforcement learning
show that the system converges to an equilibrium characterized
by a group of agents who always go to the bar and a group of
agents who always stay at home. In this paper, we first introduce
social networks: in our model, the agents take their decisions
on the basis of their neighbors’ past decisions. We investigate
the effect of two network structures: the circular neighborhood
and the von Neumann neighborhood. Simulations show, first,
that the system always reaches a state of perfect coordination
and, secondly, that many kinds of equilibria emerge, each of
which is characterized by a certain number of classes in terms of
attendance frequency. We then modify this network-based model
by introducing minimum attendance thresholds. Simulations show
that even with very low minimum attendance thresholds the
equilibrium characterized by perfect equality is the most likely
outcome. In particular, we show that it takes just one fourth of
the agents with ’Keep-up-with-the Joneses’ behavior to always
lead the system to the perfect equality equilibrium.
Index Terms—El Farol Bar problem, Social Preferences, Social
Networks, Self-Organization, Emergence of Coordination.

I. I NTRODUCTION
The El Farol Bar problem, introduced by [1] has over the
years become the prototypical model of a system in which
agents, competing for scarce resources, inductively adapt their
belief-models (or hypotheses) to the aggregate environment
they jointly create. The bar’s capacity is basically a resource
subject to congestion, making the El Farol Bar problem a
stylized version of the central problem in public economics
represented by the efficient exploitation of common-pool resources. Real-world examples of this problem include the
traffic congestion and the congestion of computer networks.
The numerous works that have analyzed and extended along
different lines the El Farol Bar problem show that perfect
coordination, that is, the steady state where the aggregate bar’s
attendance is always equal to the bar’s maximum capacity,
is very hard to reach, at least under the common knowledge
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assumption (see [2]–[4]). In fact, with best-reply learning, as
stated by Arthur,
any commonalty of expectations gets broken up: If
all believe few will go, all will go. But this would
invalidate that belief. Similarly, if all believe most
will go, nobody will go, invalidating that belief.
Expectations will be forced to differ. ([1], p. 409).
On the other hand, works where best-response behavior has
been replaced with reinforcement learning (see [5], [6]) show
that perfect coordination is possible and that it is, indeed,
the long-run behavior to which the system asymptotically
converges [7]. However, it is an equilibrium characterized by
complete segregation: the population split into a group of
agents who always go (filling the bar up to its capacity at
all times) and a group of agents who always stay at home.
In this paper, we sequentially introduce two modifications to
the original setup, both of which represent a step towards the
development of a ‘socially oriented’ version of the El Farol
Bar problem. The first of these modifications concerns the
structure of the agents’ interaction and is represented by the
introduction of a social network connecting the agents and
through which the agents can access the information regarding
their neighbors’ choices and strategies. While in the original
setup the agents base their decisions on global information,
represented by the bar’s aggregate attendance, a feature that is
likely to cause herding behavior, making it very difficult for
them to coordinate their activities, we may wonder whether
coordination will be improved if, instead, the agents make
use of local information, represented by the attendance of
their closest neighbors. After having assessed the effect of
this first modification, we introduce a second modification
concerning the agents’ individual preferences. In the original
El Farol Bar problem setup the agents did not care about their
attendance frequency (that is, how often they were going to
the bar): the only thing that mattered to them was to make
the right choice, even if it implied staying all the time at
home. In this paper we assume, instead, that the agents are
characterized by minimum attendance thresholds, satisfying
levels below which the agent does not want to drop, no matter
what the forecasting performance of their predictors is. After
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having assessed the effect of different fixed thresholds (both
with homogeneous and heterogeneous populations) we will
introduce social preferences, through the assumption that the
agents’ minimum attendance threshold is represented by the
average of their neighbors’ attendance frequencies (a decisionmaking process we will refer to as ’keep-up-with-the-Joneses’
behavior). Through a series of simulations, we assess the
effect of these socially-grounded assumptions on the macrodynamics of the El Farol Bar problem and on the kind of
equilibria that the system eventually reaches.
Our main findings are: a) the introduction of social networks
(and local information) allows the system to always reach an
equilibrium characterized by perfect coordination, that is, a
state where the bar’s attendance is always equal to the bar’s
capacity); b) different network structures are characterized by
different equilibria probability distributions; c) the equilibria
reached by the system are by no means restricted to the
equilibrium to which the El Farol Bar problem with reinforcement learning has been shown to converge asymptotically,
with a group of agents always going and another group
always staying at home (we will refer to this equilibrium as
the two-class equilibrium, thereafter 2C). Instead, with the
introduction of social networks, many kinds of equilibria,
with different numbers of classes, emerge. In particular, we
observe the emergence of an equilibrium characterized by
perfect coordination with perfect equality, that is, a state in
which the bar attendance is always equal to its capacity and
where all the agents go to the bar with the same frequency
(we will refer to this equilibrium as the one-class equilibrium,
1C thereafter); d) in homogeneous populations, even very low
minimum attendance thresholds make the 1C equilibrium the
most likely outcome. Moreover, in heterogeneous populations,
even the presence of a small minority of agents with social
preferences, in a population where the majority of agents
have no preferences regarding their attendance frequencies,
is sufficient to lead the system to the 1C equilibrium.
The remainder of the present paper is organized as follows.
In Section 2, we will present a brief review of the literature. In
Section 3 we will describe the model and then, in Section 4,
we will present the results of simulations. Finally, in Section
5 we will present the conclusions.
II. P REVIOUS L ITERATURE
In this section, after introducing the original versions of
the El Farol Bar problem and of the closely related Minority
Game, we will consider some of the papers that have extended
these two seminal models in various directions. In particular,
we will focus on introducing of different leaning models to the
El Farol Bar problem and the introduction of local interaction
in the Minority Game (quite surprisingly, examples of the
adoption of local interaction in the former and of different
learning mechanisms in the latter are much rarer). In the first
case, our aim is to provide a review of the macro-dynamics
emerging from the models introduced so far, in order to have
a background against which to compare the results obtained
with the model we introduce in this paper. On the other hand,

the papers that consider local interaction in the Minority Game
show how the introduction of novel interaction structures has
received considerable attention in previous works and, at the
same time, allow us to see the crucial importance of the
interaction structure to the macro-dynamics generated by these
kinds of models.
A. The Seminal Models
In the original El Farol Bar problem [1], N people decide independently, without collusion or prior communication,
whether to go to a bar. Going is enjoyable only if the bar is
not crowded, otherwise the agents would prefer to stay home.
The bar is crowded if more than B people show up, whereas
it is not crowded, and thus enjoyable, if attendees are B or
fewer. Arthur assumes that all the agents know the attendance
figures in the past m periods and each of them has a set
of k predictors or hypotheses, in the form of functions that
map the past t periods’ attendance figures into next week’s
attendance. After each period, the predictors’ performance
indexes are updated according to the accuracy with which
the various predictors forecasted the bar’s attendance. Then,
the agent selects the most accurate predictor and uses the
relative forecast to decide whether to go to the bar or to stay
at home the next period. Although the competitive process
among predictors never comes to rest, it still produces a
remarkable statistical regularity: at the macro level, the number
of attendees fluctuates around the threshold level B, while, at
the micro level, each agent goes B/N percent of the times, in
the long run.
[8] shows analytically how the method of inductive inference employed by the agents in Arthur’s computer simulation
leads the empirical distribution of aggregate attendance to be
like those distributions in the set of Nash equilibria for the
game. The author shows that this set is entirely composed of
mixed strategies, even though the forecasting rules are entirely
deterministic. [9], in analyzing the El Farol Bar problem with
the tools of statistical physics, find that for small m (short
memory), the relative variance of the fluctuations around the
resource level, σ 2 /N (that in this, as in other econophysics
papers, is taken as a measure of the coordination level),
displays a maximum when the agents are endowed with a
set of strategies that make them choose to go to the bar with
a frequency equal to the resource level. This suggests that a
small bias in the strategies’ prescriptions, of either sign, is
beneficial as it reduces the fluctuations. They also find that
the effect of the strategies’ distribution becomes shallower as
m (memory) increases and it disappears for m = 6. However,
for large m, the average attendance does not converge to the
resource level, so there is an intermediate memory length
which is optimal for the collective behavior that depends on
the number of agents N.
Inspired by the El Farol Bar problem, [10] proposed the
Minority Game (MG). In the Minority Game there is a
population of N players who have to choose an action (−1 or
+1). In each period, the action chosen by the minority wins.
The past m outcomes of the game are common knowledge.
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To choose their next-period state, players use one of their k
strategies among a set of strategies drawn at random from the
pool of all conceivable strategies, each strategy being a lookup
table assigning an action to any of the past winning actions’
configurations. Similar to the El Farol Bar problem, the agents,
to make their choice, select their best-performing strategy:
after each period, the agents assign a point to all strategies
that succeeded in predicting the winning action (regardless
of whether they were actually used or not) and zero to the
others. The main difference between the two models, apart
from the different threshold B/N (respectively 0.6 and 0.5),
is that, while in the former no explicit assumption is made
regarding the number of agents N (it is set to 100 in Arthur’s
model), in the MG it is explicitly assumed that N is an odd
number, an assumption that, together with the 50% threshold,
ensures that there is always a minority side.
Simulations show that, although the two actions are chosen,
as one may expect, 50% of the times in the long run, the
average fluctuations’ size around the average, a measure of the
efficiency with which the system exploits the scarce resources,
is inversely proportional to the size of the agents’ memory m,
at least up to m ≈ 6. Moreover, simulations show that, contrary
to what one may expect, increasing the number of strategies
the players are endowed with in general tends to decrease their
performance. In the same paper, Challet and Zhang introduce
an ‘evolutionary’ version of the MG where the worst player
is replaced by a new one after some time steps, with the new
player being a clone of the best player. To maintain some
heterogeneity, a mutation process is introduced: one of the
best player’s strategies is replaced by a new one, randomly
drawn from the whole strategy space. The social learning
that takes place in this evolutionary MG makes the average
fluctuations’ size decrease over time. Moreover, if the memory
size m is allowed to change through this evolutionary process,
simulations show that an ‘arms race’ takes place among the
players, with the memory size increasing up to a ‘saturation’
level that increases with the agents’ population size.
However, in spite of the many similarities, the two models
differ on one fundamental point: whereas in the MG, as
said before, there is always a majority side that makes the
wrong choice, in the El Farol Bar problem there is the
possibility to hit exactly the target B, a situation where all the
agents, no matter what they decided, made the right choice.
This difference makes the average aggregate payoff move in
opposite directions as we increase the number of agents N,
while in the MG the average aggregate payoff is inversely
proportional to the aggregate attendance fluctuations’ size and,
consequently, increases with the number of agents N. In the
El Farol Bar problem, it decreases with N. This is because,
in this problem, the average aggregate payoff is composed of
a negative component, represented by the average aggregate
payoff of the times the aggregate attendance is below or
above the threshold, and a positive component, represented
by the average aggregate payoff of the times the aggregate
attendance is exactly equal to the threshold B. Now, while
the first component gets smaller as N increases because of

the reduction in the fluctuations’ size, the second component
also gets smaller, as with a higher N the probability of hitting
the target decreases. Simulations show that the net effect is
negative: as we increase N, the positive component becomes
smaller more quickly than the negative one, decreasing the
average aggregate payoff. So, we can say that, while in the MG
the coordination problem tends to fade away as we increase
N, in the El Farol Bar problem, it tends to get worse.
B. Changing the Learning Mechanisms in the El Farol Bar
Problem
Among the papers introducing novel learning mechanisms
in the El Farol Bar problem, we can distinguish two groups
of works: those that retain the best-reply behavior of Arthur’s
El Farol Bar problem and those introducing reinforcement
learning mechanisms. In the first group, [3] proposes an
extension of the El Farol Bar problem where agents can
change their strategies set by the means of a genetic
programming (GP) algorithm and are given the chance to
communicate with other agents before making their decision
as to whether to go to El Farol Bar. Simulations show that,
although all agents were indistinguishable at the start of the
run in terms of their resources and computational structure,
they evolved not only different models but also very distinct
strategies and roles. However, as in the original model, the
attendance at the bar fluctuates around the threshold level,
and does not seem to settle down into any regular pattern.
Another work where the agents’ strategies are allowed
to co-evolve is that of [2]. In the model they propose, the
agents are endowed with 10 predictors that take the form of
autoregressive models with the number of lag terms and the
relative coefficients being the variables that evolve over time.
For each predictor, one offspring is created (with mutation).
The 10 models having the lowest prediction error for the
past 12 weeks of data are selected to be the parent of the
next generation. Their simulations show that the system,
in a typical trial, has a lower average aggregate attendance
(around 56.3%) and a higher standard deviation (17.6) than
the ones resulting from Arthur’s model.
More recently, [4] explore the effect of (i) the different
types of algorithms used by the agents, (ii) the strategy
employed to select algorithms from this pool, and (iii) the
memory horizon for which attendance data are available to
the agents. They show that whether the average attendance
will converge to the threshold level or not depends on the
algorithm selection procedures of the agents. Changing
the algorithm used whenever it fails, irrespective of the
past success of the algorithm, and picking up another one
randomly, drives the average attendance to the comfort level,
as the agents use more information from the past.
Other works have abandoned the best-reply behavior to
adopt the more basic reinforcement learning framework.
One of the first works where the best-reply behavior of
the Arthur’s original model has been replaced by a kind
of reinforcement learning is that of [5]. In this paper, the
authors present an agent-based model where the agents’
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strategies are represented by an integer c determining the
agents’ attendance frequency: if c = 2 the agent goes to the
bar once every 2 periods; if c = 3 he goes once every 3
periods and so on. Every time an agent goes to the bar and
has a good time (because the bar was not too crowded) he
decreases c (goes more often) whereas, in the opposite case,
he increases c (goes less often). No change in the attendance
frequency takes place if the agent stays at home, as it is
assumed that he cannot assess whether he made the right
choice or not. Subsequently, [6] proposed a reinforcement
learning model that, although quite elaborate, for the purpose
of this paper can be summarized as follows: each agent goes
to the bar with a probability p. If the bar is not crowded he
increases p, while if the bar turns out to be too crowded,
he decreases p. If the agent stays at home, a parameter u
determines the extent to which the attendance probability is
updated according to the bar’s aggregate attendance. In both
papers, simulations show that the populations tend to split
in two groups: a group of frequent bar-goers and a group of
agents who very seldom go to the bar. This result has been
analytically obtained by [7]. By applying the [11] model of
reinforcement learning to the El Farol Bar framework, he
shows that the long-run behavior converges asymptotically to
the set of pure strategy Nash equilibria of the El Farol stage
game.
This relatively short literature review has allowed us to see
that: the best-reply learning produces, in the El Farol Bar problem, fluctuations around the threshold level B/N (or near this
threshold level): with this learning mechanism, the agentscannot successfully coordinate. On the other hand, the adoption
of reinforcement learning mechanisms leads the system to
a state of perfect coordination. However this equilibrium is
characterized by the complete segregation of the population
between agents who always go to the bar and agents who
always stay at home.

Fig. 1.

Implicit in the strategy’s definition, is the agents’ capability
to ‘see’ the actions of four other agents (his neighbors, denoted
by N1, N2, N3 and N4). In this paper, we investigate two
network typologies shown in Fig. 2: the circular neighborhood, where each agent is connected to the two agents to his
left and the two agents to his right; and the von Neumann
neighborhood, with the agents occupying a cell in a bidimensional grid covering the surface of a torus.
We define the variable di (t) as the action taken by agent i
in period t: it takes the value 1 if the agent goes to the bar
and the value 0 otherwise. Moreover, we define the variable
bi (t) as the outcome of agent i’s decision in period t: it takes
the value 1 if the agent took the right decision (that is, if he
went to the bar and the bar was not crowded or if he stayed at
home and the bar was too crowded) and it takes value 0 if the
agents took the wrong decision (that is, if he went to the bar
and the bar was too crowded or if he stayed at home and the
bar was not crowded). The agents are endowed with a memory
of length m. This means that they store in two vectors, d and
b of length m, the last m values of d and b, respectively. So,
at the end of any given period t, agent i’s vectors di and bi ,
are composed, respectively, of di (t), di (t − 1), ..., di (t + 1 − m),
and of bi (t), bi (t − 1), ..., bi (t + 1 − m). Agent i’s attendance
frequency, ai , is defined by (1):
ai =

III. T HE M ODEL
In the model we present, we retain the best-reply strategies
of the original El Farol Bar problem. However, we modify
the standard settings by adopting the informational structure
introduced by the works on the MG with local interaction. As
in the original El Farol Bar problem, we consider a population
composed of N = 100 agents and set the attendance threshold
B/N = 0.6. Contrary to the prototypical El Farol Bar problem
and MG settings, each agent is assigned, at the beginning of
the simulation, only one strategy s, randomly chosen from the
whole strategy space. The strategy is composed of 16 rules
specifying the action D the agent has to take in the current
period, one rule for each of the 16 combinations of his four
neighbors’ actions in the previous period, as shown in Fig. 1
(where 1 stands for “Go to the bar” and 0 stands for “Stay
at home”). So, the strategies are represented by 16-bit long
strings, with a strategy space of 216 possible strategies (note,
at this point, that we have the typical settings of cellular
automata).

The agents’ strategy (example)

1 t+1−m
∑ di (n)
m n=t

(1)

The attendance frequency’s value can go from 1, if the agent
always went to the bar, to 0, if the agent never went to the bar,
in the last m periods. Moreover, agent i’s forecasting success,
fi , is given by (2):
fi =

1 t+1−m
∑ bi (n)
m n=t

(2)

The forecasting success’s value can go from 1, if the agent
always made the right choice, to 0, if the agent always made
the wrong choice, in the last m periods. We define the agent i
current strategy’s age, ri , as the number of periods the agent is
using his current strategy. In order for the average attendance
and the forecasting success associated with any strategy to be
computed, it has to be adopted for a number of periods equal
to the agents’ memory size m: so, we can think of m as the
trial period of a strategy (we will set this value to 10 for all
the agents in all our simulations). We assume that each agent
is characterized by a minimum attendance threshold, αi , that
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(a)

(b)
Fig. 2.

Circular (a) and von Neumann (b) neighborhoods

is, an attendance frequency below which the agent does not
want to dip. It can take any value from 0, if the agents do not
care about their attendance frequency, to 0.6 (we assume that,
although the agents want to go to the bar as often as they can,
they do not claim to go with an attendance frequency higher
than the threshold B/N).
Differing from the traditional El Farol Bar problem setup,
the agents’ strategies are not fixed, but they evolve through
both social learning (imitation) and individual learning (mutation). So, the social network plays a role both in the agents’
decision process, allowing the agents to gather information
regarding their neighbors’ choices, and in the agents’ learning
process, allowing the agents to imitate their neighbors’ strategies. In any given period, an agent i imitates the strategy of
one of his neighbors if the following six conditions are met:
a) fi < 1 and/or ai < αi
b) ri ≥ mi (that is, the agent’s strategy in not in its
trial period)
and the agent has at least one neighbor j for which the
following conditions are verified:
c)
d)
e)
f)

f j > fi
a j ≥ αi
rj ≥ mj
s j ∕= si

If the first two conditions are met but at least one of the last
four is not (that is, if the agent has not yet reached yet the
optimal strategy and in the current period he cannot imitate any
of his neighbors) the agent, with a probability p, will mutate
a randomly chosen rule on its strategy while with probability
1 − p he will keep using his present strategy. As mentioned in
the Introduction, we will first consider a version of the El Farol
bar problem with a social network but no minimum attendance
thresholds. In this case, the same learning mechanism applies
but with the minimum attendance threshold set to 0: the agents
decide whether or not to imitate their neighbors only on the
basis of the strategies’ forecasting success values.
While the imitation process ensures that the most successful
strategies are spread in the population, the mutation process
ensures that new, eventually better, strategies are introduced
over time. Once the agent has adopted a new strategy (either
through imitation or mutation) he will reset his memory to
zero and will start keeping track of the new strategy’s fitness.
The agent stops both the imitation and the mutation processes
if the two following conditions are met:

a) fi = 1
b) ai ≥ αi
When these two conditions are verified for all the agents,
the system reaches the equilibrium: no further change in the
agents’ behavior takes place after this point as the agents
always take the right decision and go to the bar with a
satisfying attendance frequency.
In the next section, we will show the results of simulations
based on two version of the El Farol Bar problem: in the first
version we introduce the social network’s structure and set the
minimum attendance thresholds to 0 (in other words, in this
version the agents, like in the original model, do not care about
their attendance frequency). In this way, we are able to assess
how the outcomes are affected by the introduction of social
networks and, in particular, the effect of different network
structures on the equilibria distribution. Then, we introduce a
second version where we set the agents’ minimum attendance
thresholds to some positive values, in the context of a network
structure represented by the von Neumann neighborhood. In
this second set of simulations, we will not consider the circular
neighborhood as in this part our aim is to assess the effect
of the introduction of minimum attendance thresholds on the
equilibria distribution. To summarize, in the next section, we
will show the results of simulations based on the following
models:
a) the El Farol Bar problem with, in turn, the circular
neighborhood and the von Neumann neighborhood (but
no minimum attendance thresholds). This first round of
simulations will allow us to assess the effect of different
network structures on the kinds of equilibria reached by
the system.
b) the El Farol Bar problem with the von Neumann neighborhood and the following minimum attendance thresholds:
∙ fixed minimum attendance thresholds in a homogeneous population (that is a population where all the
agents have the same threshold). In particular we will
consider the following minimum attendance thresholds: 0.1, 0.2, 0.3, 0.4, 0.5;
∙ endogenous minimum attendance thresholds in a heterogeneous population. In particular we will consider
the case where part of the population has no threshold
and the remaining part has a threshold equal to the
average of their neighbors’ average attendances (the
so-called ‘keep-up-with-the-Joneses’ behavior).
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Fig. 3. The attendances dynamics in a typical run (with the von Neumann
neighborhood)

IV. R ESULTS OF S IMULATIONS
A. Social Networks Without Minimum Attendance Thresholds
In this case, the system, with both the circular neighborhood
and the von Neumann neighborhood, always reaches the
perfect coordination, that is, the state where the bar attendance
is always equal to the threshold (and, consequently, the agents
never make the wrong choice). Fig. 3 shows the attendances
for a typical run (in this case, with the von Neumann neighborhood). We can see that, in this example, the equilibrium
is reached at around period 5000. Next, we turn our attention
to the attendance frequencies’ distribution in the population
of agents. From Fig. 4 we can see that the introduction of
social networks leads to the emergence of different kinds
of equilibria. For simplicity, we can classify them on the
basis of the number of different classes that emerge, each
class being characterized by different attendance frequencies
(consequently, we will refer to the different kinds of equilibria
as 1C, 2C and so on). In fact, even if two given equilibria are
characterized by the same number of classes, they could differ
along other dimensions: the classes in the two equilibria could
be related to different attendance frequencies (for example,
0.5/0.6/0.7 and 0.0/0.5/1.0, in the case of two 3C equilibria)
or, even if the classes represent the same attendance frequencies, they could have different sizes (for example, in two
3C equilibria characterized by the three classes of attendance
frequencies 0.5/0.6/0.7, the relative size of each class could
be 0.1/0.8/0.1 for the first equilibrium and 0.3/0.4/0.3 for
the second one). Fig. 4 shows the percentage for each kind of
equilibria (over 1000 runs), for the circular neighborhood (CN)
and the von Neumann neighborhood (vNN). We can see that,
while the 2C equilibrium remains the most likely outcome,
with the von Neumann neighborhood the system has a not
negligible probability of reaching the 1C equilibrium. The
fact that the systems has relatively good chances to reach the
perfectly equitable equilibrium1 is a quite interesting result
1 We

remind that the 1C equilibrium is characterized by the fact that all
agents go the bar with the same frequency of 0.6.

Fig. 4. Equilibria frequencies distribution with the circular (CN) and the von
Neumann (vNN) neighborhoods

considering that, in this version, agents have no minimum
attendance thresholds: it is, in fact, the second most likely
equilibrium, with a probability of almost one third of that of
the 2C equilibrium. Within the equilibria characterized by the
emergence of two classes (2C), the great majority (over 90%)
are represented by the well-known 60/40 subdivision between
the agents who always go to the bar and those who always stay
at home. The rest (less than 10%) are represented by a new
equilibrium characterized by 80 agents going to the bar with an
attendance frequency of 0.5 and 20 agents with an attendance
frequency of 1.0 (note that 80% ∗ 0.5 + 20% ∗ 1.0 = 60%).
The great majority of the 3C equilibria are represented by
an equilibrium where some agents never go to the bar, some
always go and the rest go with an attendance frequency of
0.5. Another relatively frequent outcome is the emergence of
five classes (5C). To sum up, the simulations show that the
introduction of social networks allows the system to always
reach an equilibrium characterized by perfect coordination,
that is, a state where the bar’s attendance is always equal to
the bar’s capacity). Moreover, different network structures are
characterized by different equilibria probability distributions:
for example, as we see from Fig. 4, the 1C equilibrium is much
more likely to emerge with the von Neumann neighborhood
(18%) than with the circular neighborhood (2%). Finally,
we observe that, while the literature on the El Farol Bar
problem had identified only one kind of equilibrium, that
is, the well-known 2C equilibrium with the 60/40 division
between agents always going to the bar and agents always
staying at home, the introduction of social networks leads to
the emergence of many different kinds of equilibria, with each
of them being characterized by a different number of classes.
Particularly interesting, given the absence of any minimum
attendance thresholds, is the emergence (in particular with the
von Neumann neighborhood) of the 1C equilibrium, a state
where not only the agents reach perfect coordination, but they
also go to the bar with the same frequency of 0.6.
B. Introducing Fixed Minimum Attendance Thresholds
1) Homogeneous population: Figure 5 shows the evolution
of the relative shares, over 100 runs, of the various kinds of
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Fig. 5. The equilibria frequencies distribution for six different homogeneous
thresholds

equilibria (1C, 2C and so on), when we increase the minimum
attendance threshold from 0.1 to 0.6. We can see that if the
agents all have the same threshold of 0.1 (that is, the agents are
satisfied if their attendance frequency is equal or above 0.1)
the 1C equilibrium is already the most likely outcome (around
40%), followed by the 2C equilibrium (around 30%). As we
increase the minimum attendance threshold, the frequency of
the 1C equilibrium increases while the frequencies of all the
others decrease, at different rates. Of course, with a minimum
threshold level of 0.6, the system reaches the 1C equilibrium
100% of the times, as it is the only equilibrium compatible
with this satisfying level.
C. Introducing the ‘Keep-up-with-the Joneses’ Behavior
While in the previous simulations the agents were characterized by an exogenously fixed minimum attendance threshold, in these simulations the agents’ minimum attendance
threshold is endogenously determined, being the average of
the attendance frequencies of their neighbors. In other words,
the agents characterized by the ‘keep-up-with-the-Joneses’
behavior do not want to be, among their neighborhood, those
going to the bar with a frequency lower than the average
(KUWJ agents, thereafter). Just as for the 0.6 minimum
attendance threshold, in this case it is relatively easy to see
that if all the agents in the population try to ‘keep-up-withthe-Joneses’, the system will inevitably end up reaching the
1C equilibrium, this being the only state where no agent goes
to the bar with a frequency lower than the average (that is,
where all the agents go to the bar with the same frequency).
So, as in the previous simulations, we will look at how the
frequency of the 1C equilibrium changes when, starting from a
population entirely composed of agents who do not care about
their attendance frequency, we increase the number of KUWJ
agents.
Fig. 6 shows the evolution of the relative shares, over
100 runs, of the 1C, 2C and more-than-2C equilibria, when
we increase the number of these agents from 0 to 29. We
can see that, by and large, the dynamics of the equilibria
frequencies is similar to the case with the 0.6 minimum
attendance threshold: in this case, with more than 11 KUWJ

Fig. 6. The evolution of 1C, 2C and other equilibria frequencies (over 100
runs) as the number of agents trying to ’keep-up-with-the-Joneses’ is increased

Fig. 7.

Emergent strategies with the von Neumann neighborhood

agents, the 1C equilibrium becomes the most likely outcome.
Moreover, it takes only around 25% of the KUWJ agents to
lead the system to the perfectly equitable outcome, more than
with the 0.6 minimum attendance threshold but still a relatively
small minority.
D. Looking into the 1C Equilibrium
Given the ubiquity of the 1C equilibrium, we now turn our
attention to the strategies characterizing this equilibrium. Fig.
7 shows the four strategies emerging with the von Neumann
neighborhood when the 1C equilibrium is reached. We can see
that, even if the whole strategies are composed of 16 binary
numbers, corresponding to the 16 possible combinations of the
agent’s four neighbors’ actions, at the equilibrium a cyclical
pattern composed by three combinations emerges, so that only
three of the strategy’s 16 rules are in fact used by the agents.
Moreover, looking at Fig. 7 we can see how, at the equilibrium,
the agents do not need to look at all their four neighbors’
actions anymore, as each of the four emerging strategies is
equivalent to the action of two of their four neighbors. In fact,
if we look at the von Neumann neighborhood of Fig. 2, we can
see that each of the four strategies corresponds to the actions
of two adjacent neighbors: the neighbor N1 or N3 for Strategy
1 (shown in bold); the neighbor N2 or N4 for Strategy 2; the
neighbor N1 or N4 for Strategy 3 (shown in bold); and the
neighbor N2 or N3 for Strategy 4. So, all the agents need
to do in order to maintain the socially optimal equilibrium,
once it has been reached, it is to follow simple rules based
on the previous action of just one of their neighbors: if, for
example, Strategy 1 emerges, the rule to follow is ”Do what
your neighbors N1 or N3 did in the last period”, and similarly
for the other three strategies. We have to note that there is no
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Fig. 8. A snapshot of the rules adopted (left) and the actions taken (right)
by the 100 agents once the equilibrium has been reached. In the simulation
we would see the diagonals ‘move’ one step eastward in every period.

guarantee, and indeed it is very unlikely, that the system would
have ever reached the socially optimal equilibrium if the agents
were to follow these simple rules from the beginning.
Fig. 8 presents a snapshot of the rules used by the 100
agents and the consequent action, for a typical run, once the
equilibrium has been reached. In this example, we can see that
the strategy emerging at the equilibrium is Strategy 4 of Table
3: the agents periodically face three kinds of inputs (0-1-10, 1-0-0-1 or 1-1-1-1) and, consequently, use only three rules
(Rules 7, 10 and 16). The agents, in this case, may take their
decisions simply by looking at the previous action of either
their neighbor on the left, N2, or their neighbor at the top, N3.
Finally, we observe that the 1C equilibrium is characterized
by the emergence of three cycles: a 5-period cycle (1-1-1-0-0)
and two 10-period cycles (1-1-1-1-0-0-1-1-0-0 and 1-1-0-0-11-0-1-1-0). The three cycles can be generated by any of the
four strategies shown in Fig. 7. For instance, Fig. 8 shows
a snapshot of an equilibrium characterized by the 10-period
cycle 1-1-1-1-0-0-1-1-0-0 (the diagonals highlighted in Fig. 8
‘move’ one step eastward in every period).
V. C ONCLUSIONS
In this paper, we introduce a new version of the El Farol
Bar problem characterized by: a) the presence of social
networks through which the agents can access the information
regarding their neighbors’ choices and imitate their strategies;
b) the introduction of preferences that take into account the
frequency with which the agents go to the bar. The resulting
macro-dynamics turned out to be very different from the one
characterized by irregular fluctuations around the threshold
level emerging from the original El Farol Bar problem. Our
intuition whereby, by using local information, the agents
could overcome the problem of herd behavior, generating
the use of global information and, consequently, being able
to improve their coordination, has proved to be correct.2 In
fact, our results show that the introduction of social networks
(and local information) allows the system to always reach
an equilibrium characterized by perfect coordination, that
is, a state where the bar’s attendance is always equal to

the bar’s capacity. However, not all network structures are
alike, as different network structures are characterized by
different equilibria probability distributions. In particular,
our simulations showed that the von Neumann neighborhood
seems to be more conducive to the 1C equilibrium than the
circular neighborhood.
Moreover, by looking into the kinds of equilibria that
emerged at the equilibrium, we observe that with the
introduction of social networks, many kinds of equilibria,
characterized by different numbers of classes, emerge. In
particular, we observe the emergence of an equilibrium
characterized by perfect coordination with perfect equality,
that is, a state where the bar attendance is always equal to
its capacity and all the agents go to the bar with the same
frequency. With the introduction of homogeneous minimum
attendance thresholds, we could observe that even at very low
minimum attendance thresholds, the 1C equilibrium becomes
the most likely outcome.
Finally, in heterogeneous populations, we showed that it
takes just 25% of agents with ‘keep-up-with-the Joneses’
preferences to reach the perfect-equality equilibrium where
not only the bar’s capacity is exploited to the full, but all
the agents go to the bar with the same frequency. Summing
up, we can say that while the introduction of social networks
‘solve’ the El Farol Bar problem, as it allows the system
to reach a state of perfect coordination, the additional
assumptions regarding minimum attendance thresholds makes
the equitable solution, where all the agents go to the bar with
the same frequency, the most likely one.
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