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Abstract

In this paper we investigate the effect of life expectancyisk attitude in an artificial multi-agent world,
which is a variant of the sugarscape [2]. Our basic appraaelidlutionary in that we encode risk attitude
as a gene within the agents that undergoes variation andtisel@nd perform simulations to see the
evolved (i.e., presumed optimal) values of this genelatéitunder different conditions. We observe that
agents that have much to loose (i.e., their “eternal lifelee a more risk averse type of behavior than
agents with a limited life span.

1 Introduction

Behavior under uncertainty and risk is an important topithim social sciences. Uncertainty is a pervasive
element of everyday life and present in even the most sinifplat®ons. Consumers daily need to make de-
cisions involving chance. Within both the fields of econasraad psychology, models have been developed
to capture human behavior under such conditions.

The classical economaxpected utilitynodel [1], that will be used in this paper, is based on theragsu
tion of rational behavior. Modern, more general descrgtiodels allow for a certain degree of irrationality,
based on empirical evidence [4]. Computational technigues as multi-agent systems open up new av-
enues for research on behavior under uncertainty and risky @llow us to integrate insights from multiple
disciplines, such as economics, psychology and even hig&}g

In this paper we investigate how factors in biological etioln can influence the development of risk
attitude within a species. In particular, we are interestethe role of life expectation. Is a short-lived
species likely to exhibit a different type of behavior undek than a long-lived species? Our hypothesis is
that since agents with a very long life span have more to tbeg,are likely to become more risk averse.

To answer this question we set up a simple system of agertightbasic properties of a species: they
breed and depend on the consumption of a single resourca, $tig a variant of theugarscapeystem in
[2]. Next, our goal is to find out what kind of behavior woulddygtimal in this environment when an agent
would be offered a gamble, with chances to lose or gain su§aur hypothesis is correct, this optimal
behavior would likely vary significantly when the life duict of the agents is modified.

Since expected utility is generally accepted as the nowaaibdel of behavior under risk [5], we expect
optimal behavior to take this form. Under expected utilitie behavior under risk of an agent is completely
defined by its utility function. In the case of our model, ititils a function of the total amount of sugar that
the agent owns. We measure the utility function by introdgei choice involving risk into our model. There
will be the possibility of gaining more resource, but alscs& of death. The agents decide in correspondence
to an inherited genetic code. The resulting evolution wéllrbiterated many times. A comparison will be
made between agents with no age limit and inherently shattagents.

Since this evolution takes place in a strongly simplifiediemment and the agents have complete in-
formation about possible outcomes and the probabilitigha$e outcomes, we assume that evolution will
result in an equilibrium that is at least close to ratiowyalithat is, we assume that

Assumption 1 The expected utility theory is a suitable descriptive méaiethe average evolved behavior
for the agents at the end of each evolution run of our muléragystem.



The paper is set up as follows. In section 2 we introduce tlom@ical theory that will be needed.
Section 3 specifies the multi-agent system. This is a vaofthie sugarscape model from [2]. The details of
the experiment are given in section 4.1 and the results anensuized and analyzed in section 4.2. Finally,
section 5 gives a summary and conclusions.

2 Decision Under Risk in Economics

2.1 Expected Utility Maximization

In economics, increasingly complex models have been dpedltor humarbehavior under riskanduncer-
tainty. These are two different contexts. Under risk, all the gussiutcomes and the probabilities of each
are perfectly known, while this is not necessarily the caselécision under uncertainty. For the scope of
this project, we will only consider decision under risk. Acdingly, agents will know all the probabilities
that are involved.

Modern descriptive models can be used to model irrationahbier (see, e.g., [4]). The most flexible
model that is still considered to be fully rational is the rabdf expected utility [1]. This model is built
on the concept of utility. Informally speaking, utility ismaeasure of the happiness of an agent under given
conditions. Utility reveals itself in and is defined by pnefieces. If an agent prefers stateover stateB,
denoted asl > B, his utility level in stateA is by definition greater than in staf¢. So if we measure all
preference relationships of an agent for all possible ststef the world, we can construct a corresponding
utility function U (X). Assuming that the agent has complete and consistent prefes, that is.

However, such a utility function is not unique. First, adgimmconstant to it would not change any of the
preferences. Secondly, multiplying utility with a pos#ticonstant does not change preferences either. So
when defining a utility function, we are free to choose thgiarand also free to choose a unit length.

Suppose an agent has to choose one action outpafssible actionsd;. Action A; hasm; possible
outcomesX;; (i =1,2,...,n;j = 1,2, ...,m;). Each outcome has a known probabifity of occuring after
actionA4;. The expected utility model predicts that the agent willa$mthe action that maximizes expected
utility. Expected utility is the weighted average of thditytivalues of the possible outcomes, as defined in
equation 1.

j=1

An important feature of expected utility theory is that th#tiade of an agent toward risk is completely
identified with the utility function. If we know the utilityunction of the agent, we have a complete knowl-
edge of its behavior under risk.

2.2 The Standard Gamble Question

When we assume an agent to act in accordance to the theorpedtexl utility, we can measure the relative
utility assigned to states with the standard gamble questithe standard gamble question confronts an
agent with a hypothetical binary choice. If he chooses actlg, he will enter statey” for sure. If he
chooses actionls, he has a probability gf to enter a better staté, but also a probability of — p to enter
a worse state&X'. So for these states it is known théat- Y = X. The outcomes foA, can be abbreviated
to Z, X (the probability is tied to the first state here).

In this scenario there should be some valug fafr which the expected utility ofl; equals the expected
utility of As. We then say the agent is indifferent betwelsnand As, or A; ~ As. The agent has to answer
the question whiclp satisfies this condition, as depicted in equation 2.

v Z W!th chancep @)
X with chancel — p
From equations 1 and 2 it now follows that
UY)=(1-pU(X)+pU(Z). ®3)

So the standard gamble question can be used to measuresatieratility of statesX, Y andZ.



2.3 Utility of a Single Resource

Consider utility as a function of only a single resource jsas monetary wealth. A state then corresponds
to owning a specific amount of money. Lety andz be the amount of money owned in stafésY andZ
respectively. If an agent can answer all of the standard ¢mmlestions for a fixed highest amount 2,

a lowest amount = zy and all amountg € [z, 21], it is easy to construct the utility function of monetary
wealth over the domaifx, z1]. Since we are free to choose the origin and unit length oftiligydunction,

we may choosé/(z,) to be0 andU(z) to bel. It then follows from equation 3 thdf(y),y € [zo,z1] IS
equal to the corresponding outcome of the standard gameiqn,p, .

One special case would be an agent with utility funcfidfy) = y. An agent with this utility function
will simply maximize the expected value of money. This ide@e@tisk neutralbehavior. Another special
case is when the utility function has the property th&y) < y. In that case the agent will be indifferent
between the gamble,x and the safe amougtwhen the expected value of the gamble is smaller than
Such an agent is calleisk seeking Similarly, an agent with a utility functiofy/ (y) > y is risk averse

3 The Sugar scape System
3.1 BasicMode

We will consider a multi-agent system that is similar to they&scape model from [2]. It is a multi-agent
system that implements agents consuming and depending ioigle sesource, called sugar. The agents
move around to gather the sugar and can store it in their s®gagar in stock does not decay. The agents
can reproduce. When an agent runs out of sugar, it dies framation. Our aim is to keep the model as
simple as possible.

The world consists of a square lattice of locations. The evilalso connected at the edges, giving it
the topology of a torus. A location can either be empty, oait contain a fixed quantity gf sugar. When
a location is empty, it has a probabilityto 'grow’ a new quantity of3 sugar in the next timestep and a
probabilityl — « to remain empty. We call this growback ru(&, s.

Initially, all locations are filled with3 sugar. The world will also contain a number of agents, whieh a
placed at random positions. Multiple agents can occupydheedocation. All agents start with a stockpf
sugar.

At each timestep, the agents carry out a number of actios.rilest, all agents move a single step into
a random direction, either horizontally, vertically or gémally. The order in which they do this is random.
This is movement ruleV/.

Next, all agents get to harvest sugar. If the new locationtaina sugar, the agent picks it up and adds it
to its own stock. The order in which they act is again randeahizo when there are multiple agents at the
same location, one of them gets all the sugar and all the ofegmothing. This is harvest rulg.

Now the agents may reproduce. If an agent has gathered t2ieasits of sugar, a new agent is created
at the same location. This costs the parent agenugar. The child agent is endowed witlsugar. This is
reproduction ruleRk.,.

Finally, the agents will need to digest sugar to stay aliveis ction is defined by metabolism rule:
the stock of the agent is reduced by one unit of sugar.

The order in which the agents act is randomized for eachractibe complete rule set is
({ Gaﬁ}v{Mv H, R’YvE})'

Optionally, the agents may also have a maximal age. In tisa#, ¢he agent dies when it has existed for
that number of timesteps.

3.2 Introducing Risk

The agents in our model will get the opportunity to engagerisky activity, calledthe lottery The lottery
will be offered randomly and only on rare occasions, to pnéweesignificant effect on the economy. The
lottery takes the form of the standard gamble question imgo 2. There are three possible outcomgs:

Y andZ. In stateX, the agent loses all sugar and dies. In statine stock of the agent is reset to a fixed
amount ofy units of sugar, no matter how much sugar the agent had bdfik@wise, in stateZ the stock

is reset toz units, withz > y > = = 0. The probability of winning the high amountin the lottery will
vary over time.

The agent can either choose to enter stater sure, or take the gambg,, X .



Now our goal is to find the changeé for which agents are indifferent between the two availalpioms.
More precisely, we want to know the indifference vapideading to optimal agent behavior, optimal in the
sense of providing the best selective advantage.

The idea is to measung through a coevolution of the agents and the lottery. The sgesve a new
genotype, defined in equation 4. The genotype of agént 1..n), G;, contains a single real-valued allele
TG

Gi=m; (4)

m; is the answer of agento the standard gamble question with stafe§” andZ. The agent will prefer
the gambleZ, X overY if and only if p; > ;.
To ensure a good selective pressure on the genotype, wethédptlowing update ruld/ for p;:

1 n
->%m 5
bt niilﬂ' (5)

So why would the values of; converge towar@*? Suppose that at timestefhe average value af; is
belowp*. Update ruleU will then setp; to the average of those values. If an agent with a valug above
the average is offered the lottery, it will refuse the gandid take the safe amoupt Sincep, is below
p*, this is a good decision. An agent with a valuergtbelow the average, on the other hand, will take the
gamblez,, z. Therefore, the former agents have a selective advantagelw latter agents. Over time, the
average value of; is likely to rise.

Similarly, when the average value ©f is abovep*, agents with a value of; have a selective advantage
and the average value of is likely to fall.

However, when the average valuengfis close to or equal tp*, itis likely to diverge because gfenetic
drift [9] [3]. So even though; is on average likely to converge towarst], there is also noise.

Each turn, every agent will take the lottery with chamcé his is a new action rule for the agents. We
call it lottery rule L. , , .. The lottery rule is applied after the harvest rutg but before the reproduction
rule R,.

Evolution of the gener works only through mutation, there is no crossover operéatbieritance of the
gener is defined as follows:

Tchild = max(min(ﬂparent + N(Oa U)a 1)1 0) (6)

The stepsizer in equation 6 becomes a new parameter of the reproductienwidich now becomes
R, ». The new rule set of the sugarscape systetd 8. s}, { M, H, L 2 4,-, Ry, C},{U}).

4 Experiments

4.1 Experimental Settings

In order to measure the utility curve and the associatedatistude of the agents, the multi-agent system
described in section 3 has been run multiple times, vanhiegsure amount of suggrbetween a lowest
amount ofzy = 0 to a highest amount of; = 100 units of sugar, taking incremental steps5ofinits.
The amount of sugar that could be won in the gambjewas held fixed at an amount ®00 units. The
punishment for losing the gamble also remained fixed at ¢palhsugar and subsequent deathggsvas
held fixed a0 units. As explained in section 2.3, varyipghis way allows us to measure the functigfy)
in the domain[z, z]. The upper bound was chosen to b&00 because an agent in the basic system from
section 3.1 can not have more than+ 5 = 90 sugar in stock (the agent would immediately reproduce
before harvesting any new sugar).

To get a good approximation @f, we ran the multi-agent system for a perioc20H00 timesteps and
then collected the average valuemoét the end of the run. The run was repeadte@times for each value of
Y.

The experiment decribed so far was first conducted for dhad-agents, with a fixed maximal lifetime
of 40 timesteps. Next, it was repeated for long-lived agents witlage limit.

The other parameters of the multi-agent system were ke dgtween all runs. They are summarized
in table 1. When initializing an evolution run, the world wasmpletely filled with sugar. A population of
100 agents was created on random locations, with random germka atock containing = 40 units of



parameter value
world size 32
ain Gapg 0.03
Ié] in Ga,ﬁ 10
vin Ry » 40
oin Ry, 0.02
€in Le oy 0.01
2N Le gy, » 0
Yin Le g, 0,5,..,100
2N Le gy, » 100
maximal age 40,00
time limit 20000 time steps
initial agents 100
initial sugar of agentg v =40
initial = uniform random fron0, 1]
initial agent location uniform random

Table 1: Parameter settings of the multi-agent system ustidiexperiment.

sugar. The maximal age of the short-lived agents was chasbr40, because a much shorter life span
could lead to population crashes. The mutation streagitas manually tuned to stabilize the evolution of
7 well within the time limit.

4.2 Resultsand Discussion

Figure 1 and figure 2 show the experimental results, poirtwigeraged over all00 repetitions of the
experiment for each separate amount of sygdiralso shows the standard deviations to indicate the dprea
in the results. The averages of both experiments have be#rgtogether in figure 3, with the addition of
the risk-neutral curve as a visual aid.

From the figures it appears that the long-lived agents edaveore risk-averse strategy than the short-
lived agents. The average evolved valuesrqhveraged over the populations and then averaged over all
runs) are higher for all values gf

In order to test if this is a statistically significant effeate compared the results point by point with a
two-tailed Student’s T-test for each valuef Each of those tests yieldspavalue smaller than.00001,
except aty = 80, where thep-value is0.0002. This is extremely significant evidence of difference fog th
entire length of the curve. We conclude that even within § génple multi-agent system, life expectancy
can have a notable influence on the evolution of risk attitude

The spread in the results tells us something about the tsabfliassumption 1. In the case of the long-
lived agents we see a very small spread. However, the shed-4gents show a greater spread in evolved
behaviour. This can be interpreted as a greater toleramseibmptimal genotypes in the case of short-lived
agents, even though it is not clear what causes this differen

A notable feature is that both utility curves show a bend adau= 80. This may be related to the fact
that an agent in our experimental settings requires= 80 sugar in stock to reproduce. The immediate
opportunity to produce offspring could explain why acquirexactly this amount seems to be worth taking
additional risk.

One peculiarity in the utility curve is that it starts abdvand ends below. On theoretical groundsiitis
obvious thap* equals) for y = 0 and1 for y = 100. However, at these extremes there is a problem with
the evolution. Mutation rule 6 allows to become greater thah but it does not allow a mutation below
0. Therefore, whery = 0 there will be a bias toward evolution afvalues greater thaf, in violation of
assumption 1. Likewise, the assumption is also violated-at100.

Still, as figure 3 shows, the endpoints of the curve are resddplose to their theoretical values in spite
of these violations.
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Figure 1: Experimental results for short-lived agents (imma age 40 generations) with standard deviations.
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Figure 2: Experimental results for long-lived agents (ne kgit) with standard deviations.
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Figure 3: Utility as a function of sugar wealth. The risk mauturve has been added as a visual aid.

5 Conclusions and outlook

We investigated the effect of life expectancy on the evolutf risk attitude in a multi-agent system. The
multi-agent system was a variant of the sugarscape worldt[@jodels a species consuming and depending
on a single resource.

We introduced a lottery into the model, taking the form ofamstard gamble question. The agents had to
choose between a smaller safe amount, or a higher amounawigk of death. The behavior of the agents
was encoded with a gene. By observing many evolutions of¢ine gnd under the assumption of evolution
leading to optimal behavior which is accurately describgthle theory of expected utility maximization, we
were able to measure the optimal utility function of agenteur model. Since we assume expected utility
maximization, knowing the utility function over a given dain allows us to predict the optimal choice given
any decision under risk as long as the outcomes fall withérdtbmain.

Introducing these kinds of lotteries into a multi-agentegsto measure utility is a novel technique, with
the potential for broader application. For example, in [Bge 98 a utility or welfare function is needed
to derive trade rules for agents. The utility function usedhiat case was postulated in an ad-hoc fashion,
while the standard gamble technique used here could be asklive one.

The experiments have been repeated twice, once for agehtsavipper limit on age and once for agents
with a shortly limited lifespan. The observed utility furaris clearly show a more risk-averse attitude in the
first group. This is in agreement with our hypothesis thagitived agents are likely to exhibit more risk
aversion than short-lived agents.

However, it is not yet clear how certain parameters of therglgm could have influenced our results. In
particular, the effect of the probabilityan agent will be subjected to a lottery deserves furthesingation,
as well as the effects of varying the mutation strengtm addition, the possibility of adding recombination
could be considered.

There are many possible applications of our hypothesis.néeaample, in most animal species, includ-
ing humans, females have a longer average life expectaaoytiales, while males are often more inclined
to engage in risky activities [7] [6]. However, it is not easyseparate cause and effect when looking for
empirical evidence of our hypothesis, since taking motewitl obviously affect life expectancy in turn.
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