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Abstract—A large number of studies have evolved agents
to play the iterated prisoners dilemma. This study models
a novel type of interaction, called the Shopkeeper model of
interaction, in which a state conditioned agent interacts with a
series of other agents without resetting its internal state. This
is intended to simulate the situation in which a shopkeeper
interacts with a series of customers. This study is the second
to use the shopkeeper model and uses a more complex agent
representation for the shopkeepers. In addition to a finite
state machine for play, the shopkeepers are equipped with an
artificial hormonal system that retains information about recent
play. This models the situation in which an agent’s current
behaviour is affected by its previous encounters. We train hor-
monal shopkeeper prisoners dilemma agents against a variety
of distributions of possible customers. The shopkeepers are
found to specialize their behavior to their customers, but often
fail to discover maximally exploitative behaviors against more
complex customer types. This study introduces a technique
called agent-case embeddings to demonstrate that shopkeepers
adapt to their customers and that hormonal and non-hormonal
agents are different. Agent-case embeddings are representation-
independent maps from agents behaviors into Euclidean space
that permit analysis across different representations. Unlike
an earlier tool, fingerprinting, they can be applied easily to
very complex agent representations. We find that the hormonal
shopkeepers exhibit a substantially different distribution of
evolved strategies than the non-hormonal ones. Additionally,
the evolved hormonal systems exhibit a variety of hormone
level patterns demonstrating that multiple types of hormonal
systems evolve.

I. INTRODUCTION

The prisoners dilemma [21], [20] is a classic in game
theory. It is a two-person game developed in the 1950s
by Merrill Flood and Melvin Dresher while working for
the RAND corporation. Two agents each decide, without
communication, whether to cooperate (C) or defect (D). The
agents receive individual payoffs depending on the actions
taken. The payoffs used in this study are shown in Figure
1. The payoff for mutual cooperation C is the cooperation
payoff. The payoff for mutual defection D is the defection
payoff. The two asymmetric action payoffs S and 7', are
the sucker and temptation payoffs, respectively. In order for
a two-player simultaneous game to be considered prisoners
dilemma, it must obey the following pair of inequalities:

S<DLC<LT (1)

D. Ashlock and C. Kuusela, are at the Department of Mathematics and
Statistics at the University of Guelph, Guelph On Canada, N1G 2W1. Email:
{dashlock|ckuusela}Quoguelph.ca

N. Rogers is at the Department of Mathematics at McMaster Univer-
sity, 1280 Main Street West Hamilton, Ontario Canada L8S 4K1. Email:
rogernd@math.mcmaster.ca

The authors thank the National Science and Engineering Research Council
of Canada and the Department of Mathematics and Statistics for their
support of this research.

978-1-4577-0011-8/11/$26.00 ©2011 IEEE

Christopher Kuusela

Nicholas Rogers

and
20 < (S+1). 2)

In the iterated prisoners dilemma (IPD) the agents play
many rounds of the prisoners dilemma. IPD is widely used
to model emergent cooperative behaviors in populations of
selfishly acting agents and is often used to model systems
in biology [34], sociology [26], psychology [32], and eco-
nomics [25].
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Fig. 1. (1) The payoff matrix for prisoners dilemma used in this study —
scores are earned by player S based on its actions and those of its opponent
P (2) A payoff matrix of the general two player game — C, T, S, and D
are the scores awarded.
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This study is the second to evolve agents to play the
iterated prisoners dilemma using a novel variation called
the shopkeeper model of interaction. Many variations on the
theme of evolving agents to play IPD have been published,
(311, [241, [28], [301, [91, [3], [23], [2], [27], 1], [19], [17],
[18], [4], [12], [5], but agents are typically “reset” (return
all of their internal state variables to their initial state) in
between interactions with different agents. The shopkeeper
model is asymmetric between shopkeeper and customer
agents. The shopkeepers undergo interaction with a series
of customers without resetting their internal state variables.
Customers are reset between encounters with shopkeepers,
representing a relative indifference of the customer to the
shopkeeper. This choice could be reversed and, in fact, there
is an entire space of possible scenarios for determining when
to reset an agent’s internal variables.

The earlier study [8] used shopkeepers implemented with
sixteen-state Mealy machines as finite state controllers. In
this study a hormonal system in the form of a side effect
machine [16], [14], [10] is added to the original finite
state controller. The finite state controller can act as before,
responding only to the opponent’s last action, or the levels of
hormones in the hormonal system can drive the transitions
of the finite state controller. Details of the representation
appear in Section I-A. Shopkeeper agents are trained against
a variety of different distributions of potential customers.
The resulting populations of shopkeeper agents are compared
in a number of ways. This study tests the hypothesis that
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the hormonal shopkeepers will specialize to the customers
used to train them and that the distribution of shopkeeper
strategies will differ substantially from both that of agents
evolved in the usual way (evaluating fitness with a round
robin tournament [30]) and shopkeeper agents without a
hormonal system.

A. Agents with Hormones

Hormonal agents are agents where a standard representa-
tion, finite state machine in this study, are augmented with
a continuous state-conditioned system. This second system
mimics biological hormones which are triggered or increased
by an environmental event, e.g. outcome of of game play,
but then decay if no other stimuli occur. An example of
a hormonal agent is shown in Figure 2. The agents have
a 16-state finite state controller that encodes their nominal
play strategy. The transitions are all driven by a Boolean
test; this test is either “did the opponent defect last time?”
or a comparison of the value of a hormonal register to a
constant. The hormonal system is a side effect machine
[13], [10], a finite state machine with a numerical register
associated with each state. These registers are initialized to
zero and the transitions of the hormonal side effect machine
(henceforth: hormonal system) are driven by the payoff, S,
D, C, or T, that the agent received on the previous time-step.
Each time the hormonal system makes a transition to a state,
that state’s numerical value is increased by 1.0. After every
play, the hormonal registers are all multiplied by a decay
constant w = 0.95. This combination of arithmetic increase
and exponential decay gives the hormonal system a time
horizon beyond which events have no effect. The distance
of the time horizon is set by the choice of w with larger
values representing longer time horizons. Examples of the
variation of hormone levels over time while playing a single
opponent appear in Figure 3.

The constants used to permit the hormonal system to con-
trol agent behavior are chosen with an unusual distribution.
If an agent always used a single register, then the numerical
value would be an arithmetic sequence with a value less than:

T
— =100 3)
1l-w
This is a weak upper bound, computed by summing the ideal
geometric series of hormone levels, and is unlikely to occur
in practice. The constants are therefore generated according

to the distribution
X

Y
where X is uniformly distributed in the range [0, 100] and Y’
has a binomial distribution with n = 6 and p = 0.5. In effect
a uniform random variable in the range between zero and the
upper bound is generated and then six coins are flipped. For
each coin that flips heads, the original value is divided in
half. This distribution takes into account the potential for
the hormonal system to use between one and four states and
so have a wide variety of possible numerical ranges for the
hormonal registers.

4)

Start: D->10
If(F) If(T) Test

0) D-> 0 C->15 (R[0]>1.23131)
1) D-> 4 D->14 (R[2]<36.4598)
2) D->14 D-> 9 (R[2]<0.0418594)
3) C-> 8 C->14 (Opponent Def.)
4) D-> 4 D-> 9 (R[1]1>9.28591)
5) D-> 5 D-> 3 (R[2]>11.141)
6) C->12 C->15 (R[1]>1.11704)
7) D->13 D-> 0 (Opponent Def.)
8) D-> 7 C-> 6 (R[1]1>12.7847)
9) D-> 5 C-> 5 (R[3]>2.60719)
10) C-> 8 D-> 1 (R[0]<43.9427)
11) C->12 D-> 9 (R[0]1<0.472249)
12) C->11 C-> 6 (R[3]1<1.78318)
13) C->14 D->15 (R[2]>0.530241)
14) D->14 C-> 5 (R[0]>21.139)
15) D-> 3 D-> 8 (R[2]>8.2214)

Hormonal System:

(Score Recieved)

Register C S T D
R[O0] 0 1 3 2
R[1] 0 0 3 1
R[2] 0 2 1 3
R[3] 3 0 2 0

Fig. 2. An example of an evolved hormonal side effect machine. The finite
state play controller initially defects and begins in state 10. The hormonal
system’s side effect machine always starts in state O and its transitions are
driven by the score the agent receives.

Earlier versions of agents with augmentations similar to
hormonal systems have appeared in [12], [13]. In the first
of these studies the hormonal system was characterized
as emotions, in the second as long-term memories. The
hormonal system in this study is more complex and versatile
than those used in [12] which, in effect, used a single
hormonal register. These are simpler and easier to interpret
than those used in [13] because play is driven by single
registers rather than comparison of pairs of registers. In the
second of these studies [13] it was found that possessing
the long term memories (analogous to hormonal registers)
gave agents a substantial competitive advantage compared
with agents without such memories or registers. The name of
the system (emotion, long-term memory, hormonal system)
depends on the interpretation of the underlying modeling
goal. The term hormonal system is preferred to emotion or
long-term memory because it better captures the summary
nature of the information in the hormonal registers.

B. Agent-Case Embeddings

Fingerprinting [4], [5] is a technique used to associate a
representation-independent functional signature with agents
that play the iterated prisoners dilemma. The fingerprint
depends only on the way that the agent plays, not the way it is
encoded, and so is intended to enable cross-representational
comparisons. A great frustration in the studies [12], [13],
which contained precursors to the hormonal agents in this
study, was that the mathematical derivation of fingerprints
for these more complex agent representations was not im-
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plementable. Agent-case embeddings (ACES) are intended
as an alternative to fingerprinting.

The fingerprint function captures the behavior of an agent
playing for infinite time against an infinite test suite of
opponents. In order to obtain a substitute for the functional
signature of a fingerprint, an agent-case embedding records
the performance of an agent playing for finite time against
a finite set of opponents. These vectors of scores form
a numerical-vector signature or set of features. The first
example of ACEs (pre-dating the name) appears in [15].
In this study, virtual robots for the Tartarus task and their
fitness on various instances of the Tartarus task were used
to place a metric-space structure on agents. The vector of
scores an agent receives is an embedding of the agent into
Euclidean space with the same dimension as the number of
cases. Distance is computed in the usual fashion.

In this study a “case” to be solved by a prisoners dilemma
playing agent is another prisoners dilemma playing agent.
Three finite sets suites were tried. In all cases the average
payoff for playing 150 rounds of iterated prisoners dilemma
was used as the score the agent received for a given opponent.
The first set of opponents (case set 1) consisted of the
strategies Always Cooperate, Always Defect, Tit-for-tat, Tit-
for-two-tats, Two-tits-for-tat, Pavlov, Fortress-3, and Psycho
(case set 1). These definition of these strategies is given in
Section I-C. The second set of opponents consisted of the 100
most-fit agents drawn from 100 replicates of a round-robin
fitness evolutionary algorithm training hormonal agents (case
set 2). The third consisted of a set of 25 strategies drawn from
the fingerprinting research (case set 3). We now define these
IPD strategies.

Definition 1: For a strategy S for playing the prisoners
dilemma the corresponding Joss-Anne strategy with param-
eters « and (3 is denoted

JA(S, o, B)

This strategy cooperates with probability «, defects with
probability 3 and otherwise plays as the strategy S would.
Case Set 3 consists of JA(TFT,«,8) and
JA(Psycho,a, 3) for all a + f < 1 that are positive
multiples of % together with those random strategies with
probability of cooperation that a positive multiple of
less than one. A random strategy is characterized by
it probability of cooperation; if it does not cooperate, it
defects.

To evaluate the quality of these sets of problem cases, the
25-value fingerprint [4] was extracted for a set of 100 most-fit
non-hormonal agents. These 25 values were used to embed
the agents into the Euclidean space R2?° with the Euclidean
metric. The cases were used to generate score vectors for
each of these agents as well. In all cases, score vectors were
viewed as embedding agents into Euclidean space. Distance
matrices were derived from each of the different embeddings
of agents into Euclidean space and the Pearson’s correlation
(Equation 5) of the entries of the distance matrices of the
agent-case embeddings with the fingerprint-based distance

= &

TABLE I
PEARSON CORRELATION OF AGENT-CASE DISTANCE WITH FINGERPRINT
BASED DISTANCE FOR THE THREE AGENT-CASE SETS.

Case Pearson
Set | Correlation
1 0.502533
2 0.576927
3 0.914981
TABLE II

GIVEN ARE THE COMPOSITION OF CUSTOMER SETS USED FOR THE
SHOPKEEPER EXPERIMENTS IN THIS STUDY.

Code Composition

AlIC All Always cooperate

Mix 1 50% TFT, 50% TF2T

Mix 2 33% TFT, 33% TF2T, 34% AlIC

Mix 3 25% TFT, 25% TF2T, 25% AlIC, 25% AlID

Evo Evolved hormonal agents, round robin fitness.

EvoNE | Evolved non-hormonal agents, round robin fitness.
For3 All Fortress 3

Pavlov All Pavlov

Rand 100 distinct randomly generated emotional agents.
TF2T Tit-for-two-tats.

TFT Tit-for-tat.

were computed. All three correlations, shown in Table II,
were highly significant (p < 107%) but the correlation with
Case Set 3 was significantly better than the others. This
agent-case set was used to generate embeddings of agents
into R?5 for all agents throughout the remainder of the study.

C. Definitions of Strategies

Following are the definitions of the strategies used to build
the customer sets. Always cooperate and always defect are
defined well by their names. Tit-for-tat cooperates initially
and repeats its opponent’s action thereafter. Tit-for-two-tats
(TF2T) defects only if its opponent has defected on the
last two actions. Pavlov cooperates initially and cooperates
thereafter if it and its opponent made the same move.
Fortress-3 defects twice and, if its opponent did the same,
will cooperate thereafter if its opponent does; any deviation
from this sequence restarts the sequence of two defects.
The random agents are hormonal agents of the same sort
generated for initial populations, by filling in all values
at random. The evolved agents, both hormonal and non-
hormonal, are the best-of-run agents from the 100 replicates
in the first two experiments.

Yim (@ = T)(yi = 7)

(n—1)sgzsy

&)

correlation =

(Note that for z € {z,y}, Z denotes the sample mean and
s, denotes the sample variance.)
D. Nonlinear Projection

Nonlinear projection (NLP) [33] is a visualization tech-
nique used on high dimensional data, such as the ACE
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vectors in this study. It is an evolutionary form of non-
dimensional multi-metric scaling [29] also called multidi-
mensional scaling [22]. The goal of NLP is to provide a
projection of points from a high-dimensional space into a
two-dimensional space that distorts the inter-point distances
as little as possible. The projection forms a visualization of
the higher dimensional data set. The original form of NLP
used evolutionary computation to minimize the squared error
between the distance matrix of the original data and the
Euclidean distance matrix of the projection of the data into
two dimensions. The representation consists of a simple list
of point coordinates. The optimization problem of locating
a good projection is treated as a standard real-valued evolu-
tionary optimization.

In this study we minimize the Pearson correlation, given
in Equation 5, of the 25-dimensional distance matrices
for the sampled fingerprints with their two dimensional
projections. Since this correlation is scale-free it reduces
the complexity of the evolutionary search. An issue that
arises when minimizing squared error between original and
projected distances is that the optimizer must get the inter-
point distances correct. In order to do this it must estimate
the scale of the data. This is possible, but is an added,
unnecessary, complication. Pearson correlation is invariant
under translation and scaling of either of the data sets and
so permits the evolutionary algorithm to solve the problem
of relative distance without regard to scale. The resulting
projection does not, itself, have a scale, rather it depicts only
relative distances between points.

The evolutionary algorithm used to perform NLP uses a
population of ten tentative projections stored as lists of points
(2, ). The points are initially generated to lie within the unit
square with corners (0,0) and (1, 1). The model of evolution
is tournament selection of size seven. Variation operators are
two point crossover of the lists of points (points are treated
as atomic objects that cannot be split by crossover) and two
mutation operators, each used 50% of the time. The first
mutation operator randomly replaces a point with a new point
selected uniformly at random within the unit square. The
second adds a Gaussian random variable with a standard
deviation of 0.1 to both coordinates of a point. From 1-3
mutations, with the number selected uniformly at random,
are performed on any new structure. The algorithm is run
for 40,000 mating events, a number chosen by looking at
when the fitness for a small initial set of runs leveled off. In
this study, non-linear projection is a tool used for exploratory
analysis and so we make no attempt to explore the parameter
space of its algorithm. Rather, we use parameters that have
worked well in the past.

The remainder of the study is structured as follows. The
details of experiments performed are given in Section II
as are details of the analysis techniques used. Results and
discussion are presented in Section III. Conclusions and pos-
sible next steps for both the improvement of fingerprinting
techniques and applications are given in Section IV.

II. EXPERIMENTAL DESIGN

Two sets of experiments were performed to evaluate the
new hormonal agent representation. These replicated the
Miller-type evolutionary experiment [30]. The first, using
non-hormonal agents, whose actions are determined by the
opponent’s previous action. The second used the full hor-
monal agent representation. A population of 36 agents, a
number chosen for compatibility with previous studies [11],
[6], [7] were evolved. Agent fitness is assessed by a round-
robin tournament in which each pair of players engage in
150 rounds of the iterated prisoners dilemma. Evolution
continues for 200 generations. Reproduction is elitist with an
elite of the 24 highest scoring strategies, another choice that
maintains consistency with past studies. When constructing
the elite, ties are broken uniformly at random. Twelve pairs
of parents are picked by fitness-proportional selection with
replacement on the elite. Parents are copied, and the copies
are subjected to crossover and mutation. The hormonal agent
crossover is either two-point crossover of the list of states
of the main finite state machine or of the list of states of
the hormonal system. Each new strategy is subjected to a
single mutation with a 10% chance of generating either a new
initial action or initial state in the main finite state machine,
a 30% chance of mutating a transition which changes the
destination of a transition two-thirds of the time, the type of
the Boolean comparison one-sixth of the time, or the value
of the constant for comparison one-sixth of the time, a 30%
chance of mutating an action (C becomes D, D becomes C),
and a 30% chance of changing the destination of a transition
in the hormonal system. For both these experiments, one
hundred replicates are performed to supply evolved hormonal
and non-hormonal agents to be used as customers.

A set of eleven experiments were performed, similar to the
first two, except that a shopkeeper fitness function was used.
These experiments each consisted of 30 replicates. A popu-
lation of 100 customers, in the form of IPD-playing agents,
is chosen. The shopkeeper agents have their internal state
information reset and then undergo a series of 40 encounters
with customers. Each encounter lasts for 2-6 iterations of
prisoners dilemma with the duration selected uniformly at
random and kept the same for all shopkeepers in a given
encounter. Before each encounter the customers are shuffled,
their internal state information is reset, and one customer is
assigned to each shopkeeper. They then play for the selected
number of iterations. The shopkeeper agents fitness is the
average of the scores obtained from customers over all the
encounters in a given fitness evaluation. The eleven different
experiments were differentiated by the customer sets used.
These customer sets are given in Table II.

III. RESULTS AND DISCUSSION

The first two experiments are used to compare the hor-
monal and non-hormonal agents evolved with the more
usual round-robin fitness function. Fitness over the course of
evolution for all one hundred replicates of both experiments
is shown in Figure 4. The color scheme is chosen for
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Fig. 3. Shown are examples of the level of hormonal registers of agents

evolved with a round-robin fitness function over 150 iterations of prisoners
dilemma. The opponent is playing the strategy Pavlov.

consistency with earlier studies. In agreement with results
from [12], [13] the hormonal agents are, on average, less
cooperative than non-hormonal agents and many have scores
near the always-defect Nash equilibria for iterated prisoners
dilemma. Roughly 40% of the hormonal agents avoided the
always-defect part of the score space. The hormonal agents
also exhibited much more complex fitness trajectories than
the non-hormonal agents suggesting a richer set of behaviors.

Figure 3 shows the change in the hormonal registers
over 150 iterations for four evolved hormonal agents play-
ing against a Pavlov opponent. The patterns of change in
hormone level are distinct for the four agents and support
the notion that the hormonal agents can exhibit a greater

diversity of behaviors. The initial spikes in the first two
hormone traces, followed by decay, represent transient states
in the hormonal system. The saw toothed patterns in the first
three traces represent tight cycles though sets of states. The
complex pattern of traces in the last example represent a
more complex pattern of cycling among all four states in the
hormonal system.

Figure 5 is a non-linear projection of ACE vectors for the
hormonal and non-hormonal agents. It shows a central cluster
for each agent type, but the behavioral regions, as measured
with the ACEs, do overlap to some extent. Figures 4 and 5
support the hypothesis that the hormonal agents will evolve
differently from non-hormonal agents.

Non-Hormonal Agents

0 generations 200

Hormonal Agents
D Rand C T

wn

0.0 1.0 2.25 3.0 5.0

Fig. 4. Shown are the mean population scores for 100 populations of agents
evolved for 200 generations using a round robin fitness function. The upper
panel shows non-hormonal agents while the lower panel shows agents with
active hormonal systems. Color coding for scores is given by the bar at the
bottom of the figure; Rand (shown in red) is the score a random player gets
against itself. The populations are sorted by their mean score in the final
generation with the highest score at the top.

Figure 6 shows a nonlinear projection of agent-case em-
beddings for the eleven shopkeeper experiments. This figure
supports the hypothesis that the shopkeepers will adapt to the
customers they are trained against. Notice that shopkeepers
evolved against different sets of customers appear in different
parts of the projected space in many cases. The shopkeepers
trained against random and both sorts of evolved agents
are tightly clustered on the left side of the figure. These
shopkeepers mostly defect against their customers. These
three sets of customers are the most complex and the least
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uniform. Given that the shopkeepers have from 2-6 iterations
to interact with the customers, it is not surprising that they
would adopt a strategy similar to always defect against a
diverse set of complex opponents. The solid violet squares
representing the shopkeepers trained against Fortress-3 cus-
tomers are, mostly, in the same large cluster of defectors.
Three of them are outside the cluster - these represent shop-
keeper populations that learned to elicit some cooperation
from Fortress-3 customers in spite of the short interaction
time. Many of the shopkeepers trained against customers that
always cooperate are also in this cluster always defect as this
is optimal behavior against always cooperate.

A second large cluster appears in Figure 6, near the
middle. It consists of shopkeepers that have learned to exploit
the TF2T and AIIC players in the three sets of mixed,
simple customers. The agents trained against the mixes,
while common in this cluster, have a wide distribution.
The shopkeepers that are trained against tit-for-tat customers
are the most widely scattered, but include a modest cluster
on the right side of Figure 6. Looking at the distribution
of shopkeepers trained against evolved customers, none (or
perhaps one) of those trained against non-hormonal evolved
agents are outside of the cluster of defecting shopkeepers;
three of the shopkeepers trained against hormonal evolved
agents are outside. This suggests that is it easier to learn
to elicit cooperation from evolved hormonal agents than
their non-hormonal counterparts during encounters of short
duration.

Figure 7 is a nonlinear projection of shopkeepers trained
against four of the customer types. This projection is far less
cluttered than Figure 6 and does a better job of showing
the distribution of shopkeepers trained against tit-for-tat
agents, the interpenetration of the Mixl and Mix3 trained
shopkeepers, and the relatively low scatter of the shopkeepers
trained against evolved hormonal agents.

In the course of the research on fingerprints it was found
that the space in which the fingerprints are distributed is 6-
dimensional but with the space having very low diameter in
four of its dimensions, yielding a space that projects very
well onto two-dimensional space. The Pearson correlations
across thirty different evolutionary runs used to generate
visualizations in this study had a mean Pearson correlation in
excess of 0.99; this suggests that the agent-case embeddings
chosen also occur in a subspace in which most variation is
in two directions.

IV. CONCLUSIONS AND NEXT STEPS

This study introduces a new representation for prisoners
dilemma playing agents, the hormonal agent representation.
It demonstrates that the hormonal agents evolve to discover
a very different distribution of strategies than non-hormonal
agents. This study also generalizes an earlier study using the
shopkeeper model of fitness for iterated prisoners dilemma,
using hormonal agents in place of a simpler agent represen-
tation. As with the earlier study, the hormonal shopkeepers
are found to specialize to their customers.
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Fig. 7. Shown is a non-linear projection of the agent-case embedding

vectors for the most fit shopkeeper for all thirty replicates for shopkeepers
trained against customers from mix 1 and 3, tit-for-tat customers, and
evolved hormonal agents.

Another novel contribution of this study is the introduction
of agent-case embeddings as a substitute for fingerprint-
ing. Agent-case embeddings are a representation-independent
method of associating a point in Euclidean space with
prisoners dilemma playing agent. The agent-case embedding
used was chosen because the distance on the embedding
into Euclidean space has a high correlation with the induced
fingerprint distance. This suggests that it shares with the
fingerprint distance the property that agents with nearby
embeddings have similar behaviours.

The use of short encounter durations in this study, and
in the earlier study on non-hormonal shopkeepers, is an
arbitrary choice. Available space does not permit experimen-
tation with different distributions of encounter duration; this
remains an early priority for future research. If encounter
durations are lengthened then shopkeepers will obtain more
information about their customers and so will probably be
able to adapt to them more efficiently. Another arbitrary
choice, driven by the values used in earlier studies, is the
choice to have sixteen states in the main finite state controller
and four hormonal registers. These are both parameters that
can be explored in future studies.

The hormonal system traces shown in Figure 3 suggest that
these patterns of change may be worth mining for additional
information. While the agent-case embedding provides a
useful feature set for analysis of evolved agents, the hormone
levels of a fixed opponent against various opponents may also
be a useful feature set for understanding those opponents.
The previous work on side effect machines, in which similar
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Fig. 5. Shown is a non-linear projection of the agent-case embedding vectors for the most fit shopkeeper for all one hundred replicates for hormonal and
non-hormonal agents using a round-robin fitness function. The Pearson correlation for this projection is 0.995.
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Fig. 6. Shown is a non-linear projection of the agent-case embedding vectors for the most fit shopkeeper for all thirty replicates within the eleven
shopkeeper experiments. Glyphs are labeled by the customer type that the shopkeepers were trained against. The Pearson correlation for this projection is
0.994.
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features were quite useful for the analysis of DNA sequences,
supports this view.

Hormonal Systems in Other Types of Agents

The hormonal system incorporated into the shopkeepers
in this study can be adapted to many other types of agents.
Any system where an agent encounters a discrete sequence of
events can use those events to drive a side effect machine like
the one that is the core of the hormonal system in this study.
The values of the hormone registers could then be used to
drive agent behaviors. In prisoners dilemma these behaviours
were limited to decisions to cooperate or defect and the up-
dating of the internal state of the main finite state controller.
In an agent engaging in social interactions, the hormonal
registers could drive externally visible signals. If the agents
with the hormonal system were non-player characters, the
hormonal system could govern facial expressions or stance.
For human or humaniform characters this would require
laborious mapping of hormone registers onto various human
emotions. If the non-player character were non-human then
the mapping to expressions could be arbitrary and serve
to give the character consistent facial features, based on
recent experience, that would be consistent and learnable by
a human player.
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