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Abstract. In this paper, the performance of human subjects is compared with 
genetic programming in trading. Within a kind of double auction market, we 
compare the learning performance between human subjects and autonomous 
agents whose trading behavior is driven by genetic programming (GP). To this 
end, a learning index based upon the optimal solution to a double auction 
market problem, characterized as integer programming, is developed, and 
criteria tailor-made for humans are proposed to evaluate the performance of 
both human subjects and software agents. It is found that GP robots generally 
fail to discover the best strategy, which is a two-stage procrastination strategy, 
but some human subjects are able to do so. An analysis from the point of view 
of cognitive psychology further shows that the minority who were able to find 
this best strategy tend to have higher working memory capacities than the 
majority who failed to do so. Therefore, even though GP can outperform most 
human subjects, it is not “human-competitive” from a higher standard.   

Keywords: Experimental Markets, Double Auctions, Genetic Programming, 
Human-Competitiveness, Working Memory Capacity. 

1   Introduction and Motivation 

The Double Auction market (DA) has a long history in experimental economics [1]. It 
serves as an important foundation for public policy and market mechanism designs 
[2]. It also plays an important role in the understanding of the strategic behavior of 
individual agents [3] [4] [5] [6]. Recently, it has been studied from a psychology 
viewpoint to observe the effects of cognitive capacity on traders’ and the market’s 
performance [7] [8]. It has been intensively simulated by agent-based models using 
software agents [9].  

Chen and Yu [9] proposed a series of agent-based simulations on the double 
auction markets, using one kind of machine learning, namely, genetic programming 
(GP), in their simulation. It was found that GP agents are smart in terms of market 
timing. Specifically, they attempted to postpone their participation in the market 
transaction so as to avoid early competition and become a monopsonist at a later 
stage. This strategy is then called the theory of optimal procrastination to signify the 
best way to trade under a specific market environment. As explained in Koza et al. 
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[10], eight criteria have been described in the field of artificial intelligence, machine 
learning, and GP; based on those criteria, GP in 36 instances are shown to be human-
competitive. In this vein, we ask the question: can we have an additional instance of 
showing the human-competitiveness of GP? In other words, is GP human-competitive 
in the double auction markets?  

To rigorously compare GP agents with human subjects, we need to observe 
whether the agent has learned the theory of optimal procrastination and when. In 
addition, if the agent failed to learn the theory, we need to know how far he is away 
from there. Only after we can answer these questions, can a comparison of the 
performance of human subjects and software agents be meaningfully conducted. The 
earning that the agent obtained in an experiment can certainly tell us something about 
whether the agent has learned, but it is not precise enough to indicate when he learned 
and how far away he was if he did not learn. In this paper, we therefore present a 
learning index which is able to dynamically characterize the agent’s learning status.  

The rest of the paper is organized as follows. Section 2 describes the design of the 
double auction market experiments. Section 3 is the main contribution of the paper. 
The work here is divided into three parts. Section 3.1 first transforms the double 
auction experiments into an integer programming problem, and the optimal solution 
to the problem serves as the benchmark on which the performance comparisons of GP 
and human subjects are based. Section 3.2 then develops a learning index to evaluate 
the learning performance of human subjects during the experiments. The essence of 
this proposed learning index is to separate very different learning dynamics of human 
subjects. Section 3.3 further develops the accident-tolerance criteria, which are tailor-
made for humans. Using these criteria, we are able to identify whether the human 
subjects have learned and when. Section 4 applies these criteria to classify the human 
subjects into two groups, the group that learned and the group that did not, and then 
study the contribution of cognitive capacity to this difference. Section 5 presents the 
concluding remarks.  

2   Human Experiments 

Based on the experiment settings of Chen and Yu [9], four experimental double 
auction markets are designed. Each market is characterized by a supply-demand curve 
which indicates the value of tokens assigned to 4 buyers and 4 sellers. This assigned 
token value controls the buyer’s highest willingness to pay and the seller’s minimum 
acceptable price. An example (Market IV) is given in Figure 1. In order to make 
deals, buyers and sellers can submit bids or asks at each step; however, only the buyer 
with the highest bid (current bid) and the seller with the lowest ask (current ask) are 
qualified to engage in transactions. If there are two or more qualified buyers or 
sellers, one of them will be determined randomly. Of course, a transaction can be 
made only if the current bid is greater than or equal to the current ask, and in this case 
the transaction price will be the average of the two. The gain from the trade is then 
simply the difference between the transaction price and the value of the respective 
token. The process lasts for 25 steps unless all possible deals are finished earlier. To 
give human subjects the opportunity to learn from their experience, a duration of 30 
periods is set for each experiment. 
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Objective Function. ݉ܽݔ ∑ ∑ ሾ൫ܾݒݐଵ,௞ െ ܦ ௝ܸ൯ כ ܤ ଵܹ,௞,௝ሿ௡௧௞௡௣௝                     (1) 

Constraints. ܾ׊, ݆, ܤ ݇ ௕ܹ,௞,௝ ൑ ,ݏ׊  ||  ௕,௞,௝ܶܤ ݆, ݇ ܵ ௦ܹ,௞,௝ ൑ ܣ ௦ܶ,௞,௝                  (2) ݆׊ ∑ ∑ ܵ ௦ܹ,௞,௝ ൌ ∑ ∑ ܤ ௕ܹ,௞,௝௡௧௞௡௕௕௡௧௞௡௦௦ ∑ ݆׊ (3)                            ∑ ܤ ௕ܹ,௞,௝௡௧௞௡௕௕ ൑ ∑ ݆׊  ||  1 ∑ ܵ ௦ܹ,௞,௝ ൑ 1௡௧௞௡௦௦ ,ܾ׊ (4)                     ݇ ∑ ܤ ௕ܹ,௞,௝ ൑ 1௡௣௝ ,ݏ׊  ||   ݇ ∑ ܵ ௦ܹ,௞,௝ ൑ 1௡௣௝ ∑ ܾ׊ (5)                      ∑ ܤ ௕ܹ,௞,௝ ൑ ௡௧௞௡௣௝ݐ݊ ∑ ݏ׊  ||   ∑ ܵ ௦ܹ,௞,௝ ൑ ௡௧௞௡௣௝ݐ݊ ܾ׊ (6)                   א 2. .4, ܤ  ݆ ௕ܸ,௝ ൌ ∑ ൫ܤ ௕ܶ,௞,௝ כ ௕,௞൯௡௧௞ݒݐܾ ,ݏ׊ (7)                          ܣ  ݆ ௦ܸ,௝ ൌ ∑ ሺܣ ௦ܶ,௞,௝ כ ௦,௞ሻ௡௧௞ݒݐݏ ,ܾ׊ (8)                              ݆ ∑ ܤ ௕ܶ,௞,௝ ൑ 1௡௧௞ ,ݏ׊  ||   ݆ ∑ ܣ ௦ܶ,௞,௝ ൑ 1௡௧௞ ܤ ܾ׊ (9)                        ௕ܶ,ଵ,ଵ ൌ ܣ ݏ׊  ||  1 ௦ܶ,ଵ,ଵ ൌ ,ܾ׊                        (10)                            1 ݆ א 2. . ܤ ݌݊ ௕ܶ,ଵ,௝ ൌ ܤ ௕ܶ,ଵ,௝ିଵ െ ܤ ௕ܹ,ଵ,௝ିଵ  ||            ݏ׊, ݆ א 2. . ܣ ݌݊ ௦ܶ,ଵ,௝ ൌ ܣ ௦ܶ,ଵ,௝ିଵ െ ܵ ௦ܹ,ଵ,௝ିଵ                        (11)         ܾ׊, ݇ א 2. . ,ݐ݊ ݆ א 2. . ܤ ݌݊ ௕ܶ,௞,௝ ൌ ܤ ௦ܶ,௞,௝ିଵ ൅ ܤ ௦ܹ,௞ିଵ,௝ିଵ  ||   ݏ׊, ݇ א 2. . ,ݐ݊ ݆ א 2. . ܣ ݌݊ ௦ܶ,௞,௝ ൌ ܣ ௦ܶ,௞,௝ିଵ ൅ ܵ ௦ܹ,௞ିଵ,௝ିଵ                  (12) ݏ׊ ∑ ܵ ௦ܹ,௡௧ାଵ,௝ ൌ 0௡௣௝ ∑ ݆׊ (13)                                     ௕,௝ܤܤ ൌ 1௡௕௕ ∑ ݆׊  ||   ௦,௝ܵܤ ൌ 1௡௦௦ ,ܾ׊ (14)                              ௕,௝ܤܤ ݆ ൒ ∑ ܤ ௕ܹ,௞,௝௡௧௞ ,ݏ׊  ||   ௦,௝ܵܤ ݆ ൒ ∑ ܵ ௦ܹ,௞,௝௡௧௞ ܤܤ ݆׊ (15)                      ௝ܸ ൌ ∑ ሺܤܤ௕,௝ ൈ ܤ ௕ܸ,௝ሻ௡௕௕ ܣܤ ݆׊  ||   ௝ܸ ൌ ∑ ሺܵܤ௦,௝ ൈ ܣ ௦ܸ,௝ሻ௡௦௦ ,ܾ׊ (16)      ܤܤ ݆ ௝ܸ ൒ ܤ ௕ܸ,௝  ||  ݏ׊, ܣܤ ݆ ௝ܸ ൑ ܣ ௦ܸ,௝                           (17) ݆׊ ∑ ∑ ܤ ௕ܹ,௞,௝ ൌ ௝௡௧௞௡௕௕ܦ ܤܤሺ ݆׊ (18)                                      ௝ܸ െ ܣܤ ௝ܸሻ ൈ ௝ܦ ൒ ܤܤሺ ݆׊ (19)                                   0 ௝ܸ െ ܣܤ ௝ܸሻ ൏ ௝ܦ ൈ 2 ݆׊ (20)                                  ܾ݉ ൈ ܦ ௝ܸ ൌ ሺܤܤ ௝ܸ ൅ ܣܤ ௝ܸሻ                                   (21) 
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Table 1. Description of Variables 

b Index for buyers nb number of buyers 
s Index for sellers ns number of sellers 
j Index for steps np number of steps 
k Index for tokens nt number of tokens 

btvb,k value of token k for buyer b stvs,k value of token k for seller s 
bm A very big number   

BWb,k,j The judgment of the for buyer b for 
token k at step j [0,1] 

SWs,k,j The judgment of the winner for seller 
s for token k at step j [0,1] 

BTb,k,j The judgment of the bidded token for 
buyer b for token k at step j [0,1] 

ATs,k,j The judgment of the asked token for 
seller s for token k at step j [0,1] 

BVb,j The bidded value of buyer b at step j AVs,j The asked value of seller s at step j 
BBb,j The judgment of the best buyer for 

buyer b at step j [0,1] 
BSs,j The judgment of the best seller for 

seller s at step j [0,1] 
BBVj The best bid value at step j BAVj The best ask value at step j 

Dj The judgment of whether a deal is 
made at step j [0,1] 

DVj The deal value at step j 

The best trading strategy as a solution for the problem (1)-(21) can be obtained by 
applying the branch-and-bound method to solve the formulated integer programming 
problem. Taking Market IV as an example, we solve the constrained combinatorial 
optimization problem and present the unique optimal strategy in the right panel of 
Figure 2. The last column of the panel articulates the best market timing. The time to 
enter the market is denoted by “Yes”. The bid is shown in the second column of this 
panel. A value of “-1” means “to pass” (no action). As we can now read from this 
example, the optimal time to enter the market is at step 7, 8, 15, and 16 with a bid of 
6,988, 6,988, 4,548, and 4,550 respectively. In this way, Buyer One can earn a 
maximum profit of 17,067. According to the Chen and Yu [9], this optimal strategy 
can be understood as a two-stage procrastination strategy: Buyer One holds his first 
two bids up to step 7 and the last two bids up to step 15. The intuition behind this 
two-stage procrastination is that, as shown in Figure 1, there is a sharp fall in the 
market demand curve accompanied by the sharp rise in the supply curve. This large-
change topology suggests dividing the sequence of actions into two, one before the 
change and one after the change.  

Using this optimal solution as a baseline, other solutions either found by software 
agents or human agents can then be compared. Chen and Yu [9] applied GP to solve 
the same problem, and the most commonly found solution is shown in the left-panel 
of Figure 2. Both the market timing and the bids are in sharp contrast to the 
benchmark. Basically, instead of using the two-stage procrastination strategy, the rule 
found by GP is a kind of one-stage procrastination strategy, which can be imagined as 
a local optimum trapped in a rugged landscape. However, with the presence of the 
discontinuity topology of Market IV, a single procrastination fails to lead to the 
maximum profit. In the same way, we will examine the solutions found by human 
subjects, possibly by their heuristics or gut feeling during the experiments, and 
evaluate their performance in relation to GP.  
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Fig. 2. Trading Strategy: GP [9] (Left Panel) and the Benchmark (Right Panel) 

3.2   Learning Index 

Observing the learning behavior of the human subjects can sometimes be a very 
perplexing task. Humans are emotional beings with physical limits and are not fault 
free. Their behavior in the laboratory may be difficult to replicate by any software 
agent, which generally does not share the human nature. This fundamental difference 
may call for a tailor-made evaluation design for humans, if we do not want to blindly 
treat humans as mechanical beings. In this subsection, we are going to develop a 
learning index, which can help us to better answer the questions with regard to the 
learning behavior of human subjects, in particular, whether they learned and when. 
We attempt to have a scoring system which can separate or self-classify very different 
types of learning behavior. As a concrete example, what is proposed in this section is 
a learning index built upon three criteria, namely, the maximum earning, precise 
moment, and minimum effort. These three provide some related but not redundant 
information about the learning behavior of human subjects. The first two criteria 
inform us of the global and local behavior of subjects, whereas the last one tells us 
about the trial-and-error effort made by the subject. 

Maximum Earning. Regardless of what the subject bid and when he bid, as long as 
he can earn the maximum trading profit, a substantial 1,000 points are granted to 
distinguish the subjects who may have found, or have the potential to find, the best 
strategy from those who simply have no clue yet. 

Precise Moment. In our experiments, many subjects failed to earn the maximum 
profit, but they may still learn part of the structure. To characterize the degree of 
partial learning, 100 points will be given for any of their single bids which match well 
with one of the bids in the optimal strategy, by time and by value.  
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Minimum Effort. Minimum effort means that subjects will trade by minimizing the 
number of the bidding frequencies. Take Figure 2 as an example. As shown by the 
right panel, only four times are required to bid. Hence, additional frequencies of bids 
will be considered unnecessary. While these may do no harm to the accumulated 
profits of the subject, the unnecessary effort made to trade may signal the possibility 
that the subject is still in a trial-and-error process, even though he almost already has 
the best solution. Therefore, minus one point shall be given for each of these 
unnecessary trials to downwardly adjust his learning performance. 

 

Fig. 3. Learning Index Applied to Subject #1331 

As an illustration, the proposed index applied to Subject #1331 is shown in Figure 
3. The second row (the “Index” row) gives the sum of three scores for each of the 
three criteria. For example, the last column (period 30) shows that the subject did earn 
the maximum trading profits. In addition, the bids and bidding times are the same as 
the optimal solution. Hence, based on the first two criteria, a sum of 1,400 points 
(1000+4*100) is given to him. However, he also made two unnecessary early bids for 
the last two tokens; by the third criterion, he lost two points (-2). Therefore, his LI 
over the three criteria at period 30 is 1398 points. This, compared to the initial levels 
of “-5” (period 1) and “98” (period 2), shows a significant improvement. One, 
however, has to notice that LI, very typically, is not monotonically increasing in time. 
The LI of the subject falls sharply from a peak of “1,398” in period 15 to “-6” in 
period 16. This subtlety raises an issue with regard to the learning stability of humans 
and compels us to think harder as to whether and when the subject has learned the 
optimal strategy, an issue to which we now turn.  
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3.3   Learned or Not? An Accident-Tolerance Criterion 

The next issue is to use the learning index (LI) developed above to decide whether the 
subject has actually learned the best strategy. This decision is more subtle than what 
one might think. Using the example above, can we consider a subject with a score of 
1,400 to be a subject who has learned? The answer is yes, if he could repeatedly gain 
this score, but what happens if he does not. The idea to be discussed below is to allow 
for a kind of deviation which we shall call an accident and to develop an accident-
tolerance criterion for determining whether the agent has learned.  

To begin, let us consider the landscape of LI. The proposed LI maps the 
performance of subjects into several different plateaus. Both the first and the second 
criteria of the LI above contribute to the drifts. These drifts, therefore, help us to 
distinguish several different types of trading performances, and the one which 
concerns us most is the highest plateau, namely, the LI from 1,375 to 1,400.1 Subjects 
who are able to obtain a score in this range are the ones who have already made the 
maximum profits, but did not minimize the number of bids. These additional bids 
(efforts) may be interpreted as a kind of trembling around the optimal value. This 
trembling may signify that the subjects have already learned the best strategy as long 
as they repeatedly behave in this way.  

However, this is not a one-shot game. We, therefore, have to consider the case 
where the subject has learned the best strategy, but his LI may occasionally fall down 
to the other plateau (see Figure 3 for an illustration). These falls may occur for the 
following reasons. First, the subject was tired and made operational mistakes. Second, 
the subject did not know that he had already found the optimal strategy and attempted 
to explore further before realizing that nothing was there. Falls of these kinds can then 
be tolerated as long as they do not occur frequently. Hence, a subject is considered to 
have learned the best strategy if he can stay on the highest plateau long enough to 
make any fall look like an accident. 

 

Fig. 4. Accident-tolerance Criteria for Deciding Whether the Subject Has Learned 

The discussion above motivates the development of the accident-tolerance criteria. 
One example is the one given in Figure 4. Depending on the score that the subject 
has, we can accept different frequencies of fall. As suggested in the figure, it is 
sufficient to consider that the subject has learned the best strategy if he had the 
highest score (1,400) twice over the last three periods. In other words, if he has been 

                                                           
1 Our design of the LI by following the three criteria does not allow any possible score to lie 

between 1,300 and 1,375. In other words, the plateau next to this highest one starts from 
1,300 and below. 
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really good on two occasions, then missing once is accepted as an accident. In a 
similar vein, we also consider a subject to have learned if his scores are between 
1,395 and 1,400 three times over the last four periods, or between 1,390 and 1,400 
four times over the last five periods, and so on and so forth, or if his scores are 
between 1,375 and 1400 six times over the last seven periods. In sum, the higher the 
degree of the trembling, the longer that the stay in the plateau is required for the 
subject to be considered to have learned.  

4   Learning Performance and Working Memory 

The learning index (Section 3.2) and the accident-tolerance criteria (Section 3.3) are 
now applied to the 165 subjects. The results are shown in Figure 5. To avoid 
redundancies, we only show those subjects who have learned, at least once, in the 
sense of the accident-tolerance criteria (Figure 4). In other words, one of the five 
possibilities must apply for the subject at least once during the 30-period experiment; 
if that never happens, the subject simply did not learn the best strategy and is not 
shown here. In this way, the learning dynamics of 29 subjects are presented in Figure 
5. The grayed cell means that one of the accident-tolerance criteria applies for the 
respective agent in the respective period. Close to 20% of the 165 subjects had been 
able to visit the best strategy. Some were able to do so in the very beginning, like 
subject #1165; some needed a longer time to do so, like subject #1384.  

 

Fig. 5. Learning Performance 

We further study the cognitive capacity of the subjects who learned and those who 
did not. The cognitive capacity of the subject is measured by a version of the working 
memory (WM) test [12]. Subjects are clustered into the groups: the performing group 
who learned (29 subjects) and the non-performing group who did not learn (136 
subjects). It is found that the mean WM test score is 0.28036 for the performing 
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