








expressed by Figure 1 is that this heterogeneity of solutions in boundedly rational agents will
result in some agents attending but not all of them.

FIGURE 1 Computational Resources vs. Average Attendance.

To investigate this hypothesis we examined the El Farol Bar Problem with a group of
agents where we could control the number of evaluations that each agent carried out each week.
Before we get to the details of how this experiment was carried out, we will examine how we
placed this model within the larger ABM-Machine Learning framework that we previously
developed (Rand, 2006).

FRAMEWORK

At a high level, ABM and Machine Learning (ML) (Mitchell, 1997; Hastie et al, 2001)
utilize fairly simple algorithmic structures to control their flow of operation. Roughly these
algorithms can be described as: initialize the system, observe what is happening, refine the
system, take actions, and repeat until time is up. As a result it is easy to examine how these
systems can be integrated. Let us use the El Farol Bar Problem as an example.

Arthur’s original model included a simple ML technique in it. In Arthur’s model all the
agents had a group of strategies. They would take this set of strategies and see which strategy
would have done the best of predicting the bar attendance if they had used it in the past. Since at
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each time step a new data point is generated it is possible that the actual strategy from the group
of strategies that each agent will use can change at every time. This is a very simple ML
technique. Initialize the population of strategies by generating some random strategies, like take
last week’s attendance double it, subtract the third to last week’s attendance from last weeks, or
take a running average of the last three weeks attendances. Then at each time step the algorithm
observes how the strategies have done on the current set of training data, i.e. the previous bar
attendances. After that, the algorithm refines the internal model by selecting the best strategy
given the new data. Finally the algorithm acts on the strategy that reflects the refined model and
repeats. As Arthur speculated (1994) and Fogel et al. showed (1999), the original El Farol Bar
algorithm of a ‘bag of strategies’ could be replaced by another standard ML technique.

We wanted to make use of a different ML technique than the one Arthur described.
There are many different ML techniques and there is no obvious best technique, but partially
since it was originally suggested in Arthur’s paper, we decided to investigate the use of an
evolutionary algorithm, and employed the genetic algorithm (GA) as originally devised by
Holland. As we have mentioned, Fogel et al. had previously explored a similar technique within
the El Farol Bar Problem. The GA makes sense in this context because it has the ability to create
a fairly robust time series predictor (by doing simple regression) and it is similar to Arthur’s
original technique, in that it considers a population of solutions, evaluates them, and decides
which strategy to use. In addition the GA is often described as manipulating schemata and thus
may be similar to the human process of induction (Holland et al., 1986) which is what Arthur’s
original model was intended to emulate. As a result of all of these factors we chose the GA.

We then placed the original El Farol Bar Problem and the GA within the context of the
Integrated ABM-ML cycle that we had previously described (Rand, 2007). The result is
illustrated in Figure 2.
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FIGURE 2 The El Farol Bar Problem and a GA within the context of the Integrated ABM-ML
cycle.

EXPERIMENT

We used the framework description from Figure 2 to guide the development of an
implementation of the El Farol Bar Problem in NetLogo (Wilensky, 1999). Similar to Fogel et
al. (1999), we used an auto-regressive (AR) model, whereby a strategy consists of a list of real-
valued numbers; these numbers are weights (in a weighted linear combination) that are used in
predicting the attendance at the bar, based on attendance in previous weeks. Specifically, for a
given strategy S with AR coefficients (wo, wy, ... wr), where L is the number of preceding weeks
considered when predicting attendance, we have the following prediction formula:

p(S.t) = wy+ Zle wialt — 1)

In this equation, p(?) is the prediction for the attendance at week ¢, and a(t — i) is the
actual recorded attendance at week (# — i). For our experiment, we fixed L at 10 weeks. Each
agent had its own population of 10 strategies (initialized with weights drawn uniformly at
random between -1.0 and 1.0), which we evolved over time using a real-valued genetic
algorithm. Our model differs from Fogel et al. (1999) in several ways. Fogel et al. created
offspring solely through asexual reproduction — each of the weights in the parents’ strategy was
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mutated by adding a zero mean Gaussian random variable with standard deviation 0.1. While
our simulation also used this method for mutation, mutation was not the primary genetic
operator. Each weight was mutated only with probability / / (2L). Instead, staying closer in
form to the simple genetic algorithm (Holland, 1975), our primary genetic operator was
crossover, whereby two parent strategies (lists of weights) are split and recombined to form new
offspring. Fitness evaluation for a strategy consisted of measuring the sum of the prediction
errors, if the strategy had been employed for the last L weeks. Each agent uses 2L weeks worth
of attendance history, so that it can perform this evaluation. Specifically, the fitness of strategy S
at current week ¢ is defined as:

FOS. 1) =320, p(S.) — ali)

In this equation, we employed a linear error function where any error is weighted equally.
This differed from Fogel et al., who used squared error for fitness, biasing selection toward
strategies that do not make egregious errors. In order to evaluate fitness in early weeks, we
provided “false” historical data — that is, a(-1), a(-2), ... a(-L) were each initialized to random
numbers between 0 and 100. We used a strictly generational GA, where a generation of 10
parents is replaced by 10 children in each generation, whereas Fogel et al.'s method evaluates 10
newly created children and 10 parents from the previous generation and chooses the 10 best
strategies to create the next generation. Finally, we used tournament selection with a tournament
size of 3.

The primary goal of our initial experiment was to examine the relationship between
society-wide resource utilization (formalized as the bar attendance) and the amount of
computational effort expended by the agents (formalized as the number of generations of
strategy evolution the agents were allowed per week). Whereas Fogel et al. (1999) fixed the
number of generations per week at 10, we allowed this parameter to vary from 0 to 20. Note that
in the 0 generations per week case, no evolution is occurring at all. In this case, each agent has
only a fixed set of 10 strategies to choose from, which is, in some respects, similar to Arthur's
model (1994). We ran the model for 500 weeks per run and carried out 30 runs for each
parameter setting. Fogel et al. found that the behavior of his system reached a “steady-state” of
chaotic oscillation after 100 weeks, so our choice of 500 weeks seemed sufficiently large.

In several details, our experimental set up has deviated from that of Fogel et al., and it is
important to note that we are not attempting to exactly replicate their experiment or results.
However, by investigating the same problem and using a similar strategy representation, our
work is comparable to theirs, and differs mainly in some particular details of the evolutionary
algorithm, which Fogel et al. admitted were chosen somewhat arbitrarily. Thus despite these
differences, a secondary goal of our experiment was to determine if our results support the
general findings of the prior work by Fogel et al (by showing them to be robust despite variations
in the general evolutionary algorithm).

RESULTS AND DISCUSSION

For each run, we measured the attendance at the bar in each of the 500 weeks. Since the
early weeks could be skewed by the random initial conditions, we decided to concentrate on the
attendance behavior during the last 100 weeks of each run. The first metric we examined was
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the mean attendance, as this was the quantity focused on by previous work (Arthur, 1994, Fogel
et al., 1999). This is shown in Figure 3.
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FIGURE 3 The mean (over 30 runs) attendance at the bar in the last 100 weeks versus the
number of generations evolved each week. Standard error bars are shown.

Fogel et al., using 10 generations of evolution per week, found a mean attendance of
56.32. Our result for 10 generations per week was 56.52. The difference between these values is
on the border of statistical insignificance, and given that we made several differing choices in our
experimental setup, we feel our results support the previous findings of Fogel et al. Furthermore,
our model exhibited the same non-convergent oscillations around the mean, found by Fogel et al.
In addition, as we noted above, the 0 generations-per-week case is similar to Arthur's model of
bounded rationality. However, as shown in Figure 3, even without evolution, our mean
attendance was only 57.69, falling well short of Arthur's predicted convergence around 60.

While making comparisons to previous results is interesting, our primary goal, which was
not investigated by Fogel et al. (1999) and Arthur (1994), is to determine the effect on mean
atttendance of varying the amount of computational effort given to agents, i.e. the number of
generations-per-week. Figure 3 generally supports the hypothesis that we explained earlier. As
we increase the computational power of the agent, the average attendance at the bar decreases.
As can be seen in Figure 3, the difference between consecutive points on the x-axis is not
always statistically significant, but the general downward trend is statistically significant. As we
explained previously, one possible explanation is that as the amount of computational power
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increases the agents’ strategies start to converge, which drives down the average attendance at
the bar. Thus Figure 3 lends some credence to this hypothesis but further work is required to
confirm this hypothesis. In future work, we plan to investigate the diversity of strategies being
employed across all agents.

This result was interesting, but it also prompted us to question whether mean attendance
is the best metric to capture “resource utilization.” For instance, consider that there are two
qualitatively different attendance ranges — if 61 people attend the bar, then no one is happy,
whereas if 59 people attend the bar, then 59 people are happy. It is not clear that it makes sense
to simply average the values 59 and 61, when computing resource utilization. For this reason,
we defined a separate metric, which we shall call “societal benefit”, which is simply the number
of happy bar patrons per week. When the bar is overcrowded, the “societal benefit” for that
week is 0. We measured the average societal benefit across the last 100 weeks, and the results
are shown in Figure 4.
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FIGURE 4 The average (over 30 runs) societal benefit in the last 100 weeks versus the number
of generations evolved each week. Standard error bars are shown.

Similar to Figure 3, the relationship is that resource utilization decreases as we increase
the amount of computational power given to the agents. The trend here is even more apparent.
Part of this trend is obviously due to the decrease in attendance at the bar, but that is not the
whole story. We know from the previous work of Fogel et al. (1999) that toward the end of the
run, the average bar attendance usually fluctuated wildly. One explanation for the decrease in
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societal benefit might be that these fluctuations result in fewer people attending the bar when it is
below capacity. To investigate this hypothesis, we examined the standard deviation of the
attendance at the bar. Figure 5 illustrates the standard deviation of the mean attendance at the
bar over the last 100 weeks versus the number of generations of evolution per week. As can be
seen the standard deviation does increase as the computational resources increases — that is,
allowing the agents more time to evolve their strategies results in a greater amplitude of the
chaotic oscillation in attendance. This supports the idea that the population is fluctuating wildly
and that is why the societal benefit is decreasing. However, precisely why additional
computational resources causes an increase in the size of the fluctuations remains a subject for
further study.
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FIGURE 5 The average (over 30 runs) of the standard deviation of the mean attendance in the
last 100 weeks versus the number of generations evolved each week. Standard error bars are
shown.

FUTURE WORK AND CONCLUSION

These initial results are tentative, and there is more work that needs to be done to
substantiate the hypotheses that we have suggested. For instance, the number of generations per
week might not be the deciding factor that influences the societal benefit and the mean
attendance at the bar. Another possible factor is simply the total amount of evolution. For
instance, in the 5 generations per week case at week 500, each agent has undertaken 2500
evaluations, while in the 20 generations per week case at week 500, each agent has undertaken
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10000 evaluations. One possible explanation is that the behavior of the 5 generations per week
case at week 500 is comparable to the 20 generations per week case at week 125. Initial
investigations indicate this is not the case, but additional verification is warranted. Investigating
the diversity of the final strategies employed by the agents would also help substantiate some of
the claims that we have discussed. Finally, it would be useful to look at the entire attendance
distribution histogram rather than just aggregate measures like means and standard deviations.

Still, we have begun to investigate what the relationship between computational power
and efficient resource utilization is. This experiment is a first step toward understanding if there
are general claims to be made about this relationship. These tentative results indicate that it
might be possible for simple machine learning algorithms to be given a limited amount of
computational power and still achieve an ecology of strategies that produces a greater resource
utilization than a more complex learning algorithm with greater computational power.
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