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Abstract: Classical economic theory assumes that people are rational and selfish, but
behavioral experiments often point to inconsistent behavior, typically attributed to “other
regarding preferences.” The Ultimatum Game, used to study fairness, and the Trust Game,
used to study trust and trustworthiness, have been two of the most influential and well-studied
examples of inconsistent behavior. Recently, evolutionary biologists have attempted to
explain the evolution of such preferences using evolutionary game theoretic models.
While deterministic evolutionary game theoretic models agree with the classical economics
predictions, recent stochastic approaches that include uncertainty and the possibility of
mistakes have been successful in accounting for both the evolution of fairness and the
evolution of trust. Here I explore the role of population structure by generalizing and
expanding these existing results to the case of non-random interactions. This is a natural
extension since such interactions do not occur randomly in the daily lives of individuals.
I find that, in the limit of weak selection, population structure increases the space of fair
strategies that are selected for but it has little-to-no effect on the optimum strategy played
in the Ultimatum Game. In the Trust Game, in the limit of weak selection, I find that some
amount of trust and trustworthiness can evolve even in a well-mixed population; however,
the optimal strategy, although trusting if the return on investment is sufficiently high, is never
trustworthy. Population structure biases selection towards strategies that are both trusting and
trustworthy trustworthy and reduces the critical return threshold, but, much like in the case of
fairness, it does not affect the winning strategy. Further considering the effects of reputation
and structure, I find that they act synergistically to promote the evolution of trustworthiness.

Keywords: Ultimatum Game; Trust Game; reputation; evolutionary game theory;
population structure
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1. Introduction

Game theorists have traditionally assumed that people act fully rationally to maximize their own
financial gains. However, behavioral data has been inconsistent with these expectations. The Ultimatum
Game (UG) and the Trust Game (TG) are two of the most influential examples of such inconsistent
behavior, usually attributed to “other-regarding preferences” [1]. In the UG, two players have to divide
a certain sum of money between them. One player (the proposer) makes an offer. The other player (the
responder) can either accept the offer, in which case each receives the money as proposed, or reject
the offer, in which case neither player receives anything. In a one-shot anonymous UG, a rational
self-interested proposer will offer the minimum amount that she believes will be acceptable to the
responder. A rational self-interested responder will accept any nonzero offer. Thus, the rational decision
is for the proposer to make the minimum possible offer, and for the responder to accept it. To evaluate
these predictions, many behavioral experiments have been conducted using the UG (see [1] for a review).
Although there is considerable quantitative variation across studies, two clear qualitative deviations from
rational self-interest are always observed: (i) many responders choose to reject low (but nonzero) offers;
and (i1) many proposers offer more than the minimum amount required to avoid rejection.

In the TG, the investor begins with an initial amount of one monetary unit and can either keep it or
transfer it (or some part of it) to the trustee. To represent the value created by interactions based on trust,
whatever gets transferred is multiplied by a factor b > 1. The trustee then chooses how much to return
to the investor. In a one-shot anonymous trust game, there is no reason for a self-interested trustee to
return anything [2]. Hence, there is no reason for a self-interested investor to make the transfer, and
the potential gains of trust and exchange are lost. In all behavioral experiments with the trust game,
however, investors do make transfers and trustees return significant amounts [3]. These inconsistencies
have similarly been attributed to “other-regarding preferences”.

While these are perfectly acceptable proximate explanations, the question that still remains is: what
is the source of these other-regarding preferences? [4] Evolutionary biologists have attempted to explain
these phenomena from an evolutionary game theoretic perspective in which agents are not assumed
to be rational; instead, they reproduce proportional to how well they do in the specific games, their
offspring inherit their strategies, and natural selection chooses the winning strategies [5]. Traditional,
deterministic models of evolutionary game theory agree with the classical game theoretic predictions:
in the one-shot anonymous UG and TG, natural selection favors rationality: low offers and demands in
the UG and no investment or return in the TG [6,7]. However, more complex evolutionary models have
showed promising results. Rand and collaborators [8] showed using stochastic evolutionary game theory,
where agents make mistakes when judging the payoffs and strategies of others, that natural selection can
favor fairness in the UG. Gale and collaborators [9] have shown that assuming that learning processes
are subject to constant perturbations and noise can lead to fairness. Page and collaborators [10] found
that fairness can evolve in the UG in a spatial setting, in which interactions are non-random. Manapat
and collaborators [7] showed that when individuals’ strategies evolve in a context in which investors
sometimes have knowledge about trustees’ reputations before transactions, natural selection can favor
both trust and trustworthiness.
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Here I examine the same stochastic evolutionary setup proposed by [8], but extended to apply to
a structured population playing the UG and the TG respectively. An underlying population structure
simply means that individuals are not equally likely to interact with each other, but that interactions
are more likely occurring with one’s “neighbors™ [11]. The neighbors could be geographical but they
could also be individuals with similar strategies, preferences, physical features, cultural or genetic
backgrounds etc. Population structure has been very powerful to explain the evolution of cooperation
and social behavior both theoretically [12-14] and empirically [15,16]. However, its effects on fairness
and trust have not been much studied with the exception of one promising experimental study in which
a behavioral clustering mechanism—pairing trusting individuals with trustworthy ones—leads to an
increase in the levels of cooperation compared to random pairings of investors and trustees [17]. I
begin by developing a general theory and analytical results for the study of a continuous strategy space
in structured populations, in the limit of weak selection. I then apply these general results to the study of
fairness and the study of trust and trustworthiness with and without access to reputation.

2. General Model Description and Results

I consider a structured population of [V players able to choose from a continuum of strategies situated
on the n-dimensional hypercube. A strategy p € [0, 1] is an n-dimensional vector of numbers between
0 and 1. The underlying population structure determines who interacts with whom to accumulate payoff
and who competes with whom for reproduction. The expected payoff for an interaction between any two
strategies is given by a function £ determined by the specific game played. Individuals that accumulate
higher payoftf are more likely to reproduce: the rate of reproduction of each individual is proportional
to 1 + 0F, where ¢ is a constant that measures the intensity of selection. The higher the intensity of
selection, the more likely agents with higher payoffs are to be imitated (to reproduce). At the extreme
of & — oo, only those who obtain the highest payoff are imitated (strong selection). At the other
extreme, 0 — 0 selection is weak; in this case, all strategies have almost the same effective payoff
and the dynamics is dominated by neutral drift. Weak selection is a natural situation that can arise in
different ways: (i) payoff differences are small; (ii) strategies are similar; or (iii) individuals are confused
about payoffs when updating their strategies. In such situations, the particular game makes only a small
contribution to the overall reproductive success of an individual. Finally, reproduction is subject to
symmetric mutation: with probability 1 — u the offspring inherits the strategy of the parent, but with
probability v a random strategy is chosen. This process leads to a stationary distribution characterizing
the mutation-selection equilibrium.

I am interested in the dynamics of this process for large but finite population size and weak selection,
which here will mean & < 1/N. In this case, although the frequencies of the strategies can widely
fluctuate in time, all strategies have approximately the same abundance on average in the stationary
distribution of the mutation-selection process. I am interested in the small deviations from this uniform
distribution. 1 say that strategy p is favored on average in the mutation-selection equilibrium, if its
abundance exceeds the mean. To calculate this deviation I use a perturbation theory in the selection
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strength, d and, for a strategy to be selected, I require that the first order term with respect to d is positive
[8,18,19]. I show in Appendix A that this is equivalent to:

Ep =L+ ool >0 ()
where

Ly = / [01E(p,p) + E(p,p) — E(p',p) — 01E(p, p')] dp’
.1

) ()

H, = / / [E(p,p") — E(p',p")] dp'dp”,
[0,1]™ J[0,1]™

and E(p’,p”) is the expected payoff that strategy p’ receives from strategy p” in a given game. The
parameters 0; and 0 are structural coefficients that need to be calculated for the specific evolutionary
process under investigation [20]. These parameters depend on: the population structure that determines
who interacts with whom; the update rule that determines whose strategy gets imitated and how; and
the mutation rate. The first term, f}p, integrates over all pairwise competitions that involve strategy
P, each pairwise comparison including the first structural coefficient, o;. Thus, o; encapsulates how
much more likely a strategy is to play its own kind than the opposite kind in a pairwise encounter;
henceforth I will call o, the pairwise structural coefficient and I will consider only structures for which
individuals are more likely to interact with their own kind, i.e., 0y > 1. The second term, GQH ,
evaluates the competition between strategy p and all other strategies simultaneously, weighted by the
second structural coefficient o5. Thus, 09 captures the interaction in the other extreme case, when all
strategies are simultaneously present in the population; henceforth I will call o, the mean structural
coefficient and I will consider only structures for which oy > 0.

In the limit of low mutation only one structural coefficient is needed and Condition (1) becomes:
By = / [00E(p,p) + E(p,p') — E(p',p) — 0o E(p',p')] dp’ >0 3)
[0,1]"

where 0y is the low mutation limit of 0 = (207 + 02)/(2 + 03), the structure coefficient for games with
two strategies [20,21].
Finally, the most favored (optimal) strategy is determined by maximizing £, (or Eg in the limit of

low mutation).

3. Evolution of Fairness: Ultimatum Game

I model the ultimatum game by imagining two players who have to split an amount summing to
unity. In any given interaction, players are randomly assigned to the roles of proposer and responder.
An agent’s strategy is given by the two dimensional vector S = (p,r) € [0, 1]?, where p is the amount
offered when acting as proposer, and 7 is the minimum amount demanded when acting as responder, or
the “rejection threshold.” An offer p is accepted by a responder with the rejection threshold r if and only
if p > r. Let U(5), S2) be the expected payoff that strategy S; = (p1, 1) gets from strategy So = (pa, 72)
in the ultimatum game. Since I assume that in the interaction between a player using strategy S; and a
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player using strategy S5, each player can be in the role of the proposer with equal probability, U (.S, Ss)
is given (up to a 1/2 factor which I henceforth omit) by the function:

1—pi+py ifpr >ryand py > 1
U(Sy, Ss) = I—p if py > roand py <1 )
b D2 if py <rgand py > 1

0 lfpl < T andpg <7

Depending on whether p > r or p < r, the payoff function U(.S, S) takes two different values (1 and
0 respectively) and hence I find the condition for strategy S to be favored by selection to be

7"2

- . 1
Es = Ls + 02Hs = 0 (I(pZT)—§> tp=2+r =t oap—pt - 5) >0
(&)

1
EY = oy ([(PZT)—§> +p—20"+r—1">0

where [ (condition) is one if condition is true and is zero if condition is false. In [8] it was shown that
stochasticity and uncertainty can select for fairness in a well-mixed population. To recover their results
I simply use the values of the structure coefficients for a well-mixed population, 0; = 1 and 03 = Nu.
Adding population structure expands the region of strategies selected for to include increasingly more
fair strategies (Figure 1). Already o > 2 is sufficient to select for the entire p > r region. However, not
all strategies selected for have the same abundance in the stationary distribution, so next I focus on the
optimum strategy (most abundant in the stationary distribution and hence, by the measure above, most
favored by selection). Maximizing Fs and E3 I conclude that the optimal strategy is achieved when
p > r and is given by:

( ) (3 3) ifu—0o0r0<o,<1
7r = .
Popt; Topt ( 5:2‘;22’ 5 +1ch> ifu>>0and oy, > 1

Note that for low mutation the pairwise structural coefficient o has no effect on the optimum strategy.
Thus, in the limit of weak selection and low mutation the optimum strategy is (1/3, 1/3) — one that offers
33% and also rejects any offer lower than 33% — which is the same optimum obtained for the well-mixed
population [8]. As mutation increases, the second structural coefficient, o9, that captures the effect of
mutation and structure in the center of the hypercube, starts to influence the optimal strategy, but only
when 0 is larger than 1. However, the pairwise structural coefficient o; continues to have no effect on the
outcome. As 05 increases, the proposal increases and the rejection threshold decreases. For high o5, the
most frequent strategy is (1/2, 0); thus, the proposal is 50% and the rejection threshold is 0. This outcome
is achieved in the high mutation limit, where all strategies are present in the population simultaneously
with approximately equal frequency. Hence, the optimum strategy is the one that maximizes its expected
absolute payoff against a randomly chosen opposing strategy. As has been shown previously [6,8], it is
intuitive that this strategy is (1/2, 0) since the offer p = 1/2 maximizes the proposer’s expected payoff of
p(1 — p) when playing against a randomly chosen opponent; the demand = 0 maximizes the expected

payoff as responder because any nonzero demand results in lost profit.
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Rejection threshold, r

Proposal, p

Figure 1. Structure increases the region of strategies that are selected for: light blue region
gets added to the yellow-green gradient region corresponding to a well-mixed population.
Results are shown for weak selection with 0y = 1.5; here the optimum strategy remains the
same (1/3,1/3).

The important conclusion for the ultimatum game is that, in the limit of weak selection, the population
structure has an impact on the space of strategies that get selected, increasing the density of fair strategies,
but has little-to-no impact on the optimum strategy. The optimal strategies observed are very close to
those selected for in the well-mixed population and depend only on the mean structural coefficient 0.
This is because the pairwise o, affects the overall effect of selection on a strategy S = (p, ) via two
terms: U(S,S) which is either 0 if p < r or 1 if p > r (independent of the actual values of p and r)
and f[o’l]Q U(S’,S") which is always equal to 1/2. Thus the effect of structure on pairwise interactions is
the same for all strategies above and below the diagonal, respectively. This therefore can not affect the
relative ordering of the strategies; however, it can change the region of strategies that are selected for.

4. Evolution of Trust: Trust Game

I model the trust game by imagining two players that have an investor-trustee transaction. In any
given interaction, players are randomly assigned to the roles of investor and trustee. An agent’s strategy
is given by the two dimensional vector S = (p,r) € [0,1]?, where p is the amount invested when
the agent acts as investor and 7 is the fraction returned when the agent acts as trustee. The investor
begins with an initial stake of one unit and can choose to either keep the stake or transfer some fraction
0 < p < 1ofitto the trustee. To represent the value created by interactions based on trust, the transferred
amount is multiplied by a factor b > 1, which I will refer to as the return on investment. The trustee then
chooses what fraction r of the enhanced transfer amount pb to return to the investor. Let 7(.S;, Ss) be
the expected payoff that strategy S; = (p;, 1) gets from strategy Sy = (po,2). Since I assume that in
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the interaction between a player using strategy S; and a player using strategy S5, each player can be in
the role of the investor with equal probability, 7'(S;, Ss) is given (up to a 1/2 factor which I henceforth
omit) by the function:

T(S1,S2) =1 —p1 + p1bra + pab(1 — 1) (6)

4.1. Well-Mixed Population

Here it is worth first investigating the results obtained in this stochastic game theoretic framework, in
the limit of weak selection, in a well mixed population. This is the analog of the study conducted in [8]
for the evolution of fairness. Although a very similar framework has been employed in [7], the analysis

was not for weak selection. Using the payoff function in Equation (6) I find for any mutation:

24+ N
Fo— +2u

(—br+pb—2)+1) (7)

which is positive for the same set of strategies for which its low mutation version (obtained for Nu — 0)
is positive. Thus, mutation does not affect the selective outcome for a well-mixed population at weak
selection. From this I conclude that any strategy with 0 < p < land 0 < r < 1/b+ (1 —2/b)p is

selected for (Figure 2).
1 1 1
L.
g Pairwise outcompeted
Selected by (1,0)
L)
(\\,' c (b against /b
Q % Pairwise outcompeted
\Y; o by (0,0
- = 1-1/b v (0.0 >
72} Selected Pairwise
2 for outcompete (1,0)
= ® @
0 1 0 1 0 1
1 1 1
-
a Selected
Q against 1'1/b, .
N = L. Pairwise outcompeted
A c Pairwise outcompeted by (1,0)
S t by (0,0) ’
g ’ 1/b
E b Selected
(:I; for Pairwise
|: ‘ . outcompete (1,0)
Trust, p Trust, p Trust, p
Figure 2. In a well-mixed population, in the limit of weak selection, both trust and

trustworthiness are selected for and, for sufficient returns, the trusting but not trustworthy
strategy, (1,0), is the optimal strategy. Upper panels: 1 < b < 2. Lower panels: b > 2. Left
panels: the most abundant strategy (green dot). Middle panels: strategy (0, 0) outcompetes
all other strategies. Right panels: strategy (1,0) (blue dot) outcompetes a large number
of strategies in pairwise interactions; for a subset of these strategies, (1,0) wins more in

pairwise interactions than does (0, 0) (grey shaded area).
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Thus, as was the case for fairness [8], stochasticity and mistakes alone can promote the evolution
of some amount of trust and trustworthiness even in a well-mixed population. In particular, strategy
(1,0) that trusts but is not trustworthy is always selected for. This is because at weak selection all
strategies have similar abundances and no strategies of the hypercube, even seemingly non-sensical ones
— are a priori excluded from the game. Only natural selection eventually removes the strategies that
do not perform well. In this case, strategies that display some trust and trustworthiness can win many
pairwise encounters with strategies that are more trusting and trustworthy than they are (Figure 2). And
although the (0, 0) strategy that neither trusts nor is trustworthy outcompetes all other strategies pairwise
(Figure 2 middle panels), the (1,0) strategy that trusts but is not trustworthy gains more from certain
pairwise interactions than does (0, 0) (Figure 2 right panels). Therefore, on average, as long as the return
is sufficiently high (b > 2), strategy (1, 0) can be the optimum strategy.

To conclude, for weak selection, stochasticity and mistakes can lead to the evolution of trust and
low-to-intermediate levels of trustworthiness.

Finally, here I used a one-population formulation where individuals are equally likely to be found
in the two roles. However, a two-population formulation in which one population is made of
investors and the other of trustees can also be employed when both populations are well-mixed.
Ohtsuki et al. [22] derived analytical conditions for a pair of strategies to be favored in the limit of
weak selection in bimatrix well-mixed games and [8] found that the one-population and two-populations
formulations yield identical results for the well-mixed ultimatum game. Applying the approach in [22] to
the trust game between two well-mixed populations I similarly find that the two-populations formulation
yields identical results to the one population formulation (Appendix B). However, no extensions have

been made for the study of bimatrix games with population structure.

4.2. Structured Populations

Next, I move on to the study of population structure. Using the same payoff Function (6), I find for

any mutation:

1
ES:5(—bm2+og+pem1+hm—2u+wn+ow)+1+b—(h—noy+®> (8)

and in the limit of low mutation

1
Eg:5(—2br—|—p(—2+2(b—1)cro)+1+b—(b—l)cr()) )

Here oy i1s the low mutation limit of the structural coefficient for a game with only two strategies
0 = (207 + 02)/(2 + 02). From these I conclude that any strategy (p, ) with

0<p<l1
1 (b-1)(c—1) 2— =1 (10)
B A S 1— o

O<r<b % + po 2

is selected for. For low mutation, one simply needs to replace o by oy in the above. Note that o, and o5
do not influence the selection outcome independently. They only influence it together via o. Population

structure affects the well-mixed results in two ways. First of all, it changes the region of strategy space
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that is selected for: it selects for fewer trustworthy strategies that do not trust and it selects for more
strategies that are both trusting and trustworthy (Figure 3). Overall, it is easy to check that the same total
area gets selected for so that the density of strategies selected for does not change, only their types.

1<b<2-(c-1)o b>2-(c-1)o
o 1 1
§ Selected Selected
£ q against against
_C \\
€ S~ o
g = ~
k%) Selected ~~. Selected
o for N for
@ 1 0 ®1

Trust, p Trust, p

Figure 3. Population structure reduces the density of trustworthy strategies that do not trust
and increases the density of trusting and trustworthy ones. Left panel: 1 < b < 2—(o0—1)o.
The most abundant strategy (green dot) is (0,0) — no trust and no trustworthiness. Right
panel: b > 2 — (0 — 1)o. The most abundant strategy (green dot) is (1,0) — complete trust
and no trustworthiness. In both panels, compared to well-mixed populations (region under
dashed line) population structure selects for fewer trustworthy strategies that do not trust and
for more trustworthy strategies that also trust (region under solid line).

Second, population structure affects the winning strategy. When maximizing Equation (8), the
optimum strategy is
(0,0) ifl<b<2—1L

opts Topt) = .
(Popt: Ton) {(1,0) ifh>2— ol

provided that 07 > 1 and o3 > 0 (which are the general assumptions I make throughout this paper).
To obtain the analog of the above for the limit of low mutation, one simply needs to replace o with
its low mutation limit, oy. Thus, although the optimum strategy is still either the non-trusting and
non-trustworthy (0,0) or the trusting but non-trustworthy (1,0), as was the case in the well-mixed
population, the population structure helps by reducing the critical threshold for the return b. Furthermore,
it is worth noting that the threshold for evolving trust is likely to be smaller for low mutation since
typically mutation weakens the effect of population structure (i.e., © < 0y), as shown in the several
cases studied in [21].

To sum up, population structure selects for more trust and trustworthiness and reduces the return
needed for strategy (1, 0) to be the optimal strategy. However, population structure does not lead to an

optimal strategy that has some level of trustworthiness.
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5. Evolution of Trust with Reputation

King-Casal et al. [23] and Manapat et al. [7] proposed to study a modification of the above trust game
that includes reputation. In this context, at least some of the time, individuals know the reputation of
their trustees and can choose to invest with them or not, depending on whether they are trustworthy or
not. To capture this, I use a probability ¢ that the investor knows the reputation of the trustee. This game
can also be interpreted as a mix between the trust and the ultimatum games. Thus, with probability 1 — ¢
they play the same simple trust game as above. However, with probability ¢, an investor transfers money
to a trustee only if their return fraction r is sufficiently high so that the investor is at least no worse off
by making the transfer (i.e., » > 1/b). Therefore, up to a factor 1/2, the payoff function between two
players using strategies S; = (p1,71) and Sy = (po, r2) is:

T(S1,55) = (1 — q)(1 — p1 + prbry + pob(1 — 1))+
1 ifr; <1/bandry < 1/b
bro ifry <1/bandry > 1/b (1T)
1+b(1—mr) ifry>1/bandry <1/b
bro+b(1—ry) ifry > 1/bandry > 1/b

+4q

Here because 7'(S, S) depends on how r compares to 1/b, there will be different strategy spaces
selected for depending on whether » < 1/b or r > 1/b (Appendix C). Overall, I find that adding
reputation decreases the density of strategies with low levels of trustworthiness (r < 1/b) and increases
the density of strategies with high levels of trustworthiness (r > 1/b) (Figure 4). Furthermore, I find that
the optimum strategy is: for r < 1/b

(0,0) ifl<b<2—=t
opty Topt) = . ¢ 12
(Ports Ton) {(1,0) ifh>2— oL (12
forr > 1/b
(0,1/b+¢€) ifl<b<2—o2
opts Topt) — . ° 13
(Pope oo {(1,1/1)—1—6) ifh>2— ol (13

As above, 0 = (207 + 02)/(2 + 02) is the structural coefficient for a game with only two strategies.
To obtain the analog of the above for the limit of low mutation, one simply needs to replace o by
its low mutation limit, 0y. Thus, having access to accurate reputation some of the time increases the
pressure for the evolution of trustworthiness. In fact, the trustworthy strategy can even be the optimal
one if its expected payoff is higher than that of the trusting strategy that is not trustworthy, i.e., if

E(1,0) < E1,1/6+¢)- For this, a sufficient condition is:

= <g<1 14
3 3b(20+1) =17 (14

For a well mixed population (o = 1) the above condition reduces to ¢ > 2/3b. Since for a structured
population with o7 > 1 and o5 > 0 it follows that o > 1, (14) shows that the structure decreases the

amount of reputation knowledge needed for trustworthiness to evolve. When the probability of knowing
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the reputation surpasses the critical threshold in (14), the winning strategy is one that trusts fully, p = 1,
and is also moderately trustworthy, » = 1/b + € where
bo— (1+0) 1 }

. 1
0<€<mm{gb(1+20)+(1+0)’ b

(15)

The upper bound on ¢ is derived from satisfying Equation (14) (see Appendix C for details) as well
asr=1/b+e<1.

Well-mixed & Reputation Structured & Reputation

-
@
(2]
o)
£ N 1/D ¢ /Q
o
=
2]
2
|_
0 1 0 1
Trust, p Trust, p

Figure 4. Reputation decreases the density of strategies with low trustworthiness (r < 1/b)
that are selected for and increases the density of strategies with high trustworthiness
(r > 1/b), both in a well-mixed and in a structured population. If there is sufficient
knowledge of reputation then the winning strategy is one that is both trusting and trustworthy,
(1,1/b + €). Light blue = strategies selected for in the absence of reputation; light orange =

strategies selected for with reputation.

There are two interesting conclusions to note here: first, as for the simple TG, 07 and o, do not
influence the outcome independently. They only influence it together via 0. Second, the structure
decreases both the lower bound for the necessary return b and, for a fixed 0, it decreases the lower
bound for the reputation recognition, gq. So, for example, if the reward can be at most b = 1.5, one at
least needs a structure with o = 2 to allow for a trusting and trustworthy strategy to be the optimal one
(according to Equations (12) and (13) above). Such a structure is the 3-regular graph in which every node
has three neighbors, studied in the limit of low mutation. However, from Equation (14), 0y = 2 would
require a reputation knowledge of at least 40% whereas a 2-regular graph (cycle) that has oy = 3 for low
mutation would only require 38% knowledge. So, for a fixed b, the higher the o, the better. As was the
case for the simple trust game, low mutation is most favorable since the existing examples suggest that

o < og [21].
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6. Discussion

I have derived several main conclusions. First of all, in the limit of weak selection, stochasticity and
mistakes can select for strategies with some amount of fairness, trust and trustworthiness in both the
ultimatum and the trust games, with or without reputation, even in a well-mixed population. Intuitively
this is because for weak selection all strategies have roughly the same abundances and fair or trusting
strategies can sometimes do better in pairwise comparisons with other strategies than do unfair ones.
Second, population structure improves the strategy space selected for: for the ultimatum game it extends
the strategy space selected for to include increasingly more fair strategies, while for the trust game
it selects for fewer strategies that are little-trusting and little-trustworthy and for more trusting and
trustworthy strategies. Third, in the ultimatum game and trust game without reputation, structure does
not affect the optimal strategy; in the trust game however, it decreases the critical threshold for the
return on investment necessary for a trusting strategy to be the optimal one. The optimal strategy
is however never trustworthy, regardless of the population structure. Finally, in the trust game with
reputation, trustworthiness can be a feature of the optimal strategy. In this case, structure and reputation
act synergistically such that having high enough o requires less knowledge of reputation and vice versa

(see Figure 5). For a well-mixed population, when o = 1, I recover the results of [7].

Optimal strategy

Trust
Trust &
Trustworthiness

Structure, o

Neither Trustworthiness

Reputation, g

Figure 5. Structure and reputation act synergistically to allow the evolution of trust and
trustworthiness. For a fixed return b, the optimum strategy can be both trusting and
trustworthy only if both ¢ and o are large enough. The larger the o, the less knowledge
of reputation is necessary; the more likely to know the reputation, the less structure (smaller

0) is needed.
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It is also worth noting that my final results for the trust game depend only on the o, the structural
coefficient for games with two strategies [21] and do not depend independently on the two structural
coefficients 07 and o5 arising for games with at least three strategies. This is very convenient in terms of
studying the evolution of trust in different structures, since it is much easier to calculate o than o; and
05 independently, and results already exist for many structures of interest [21].

In future work, it will be interesting to relax the present assumptions in several ways. First, the
weak selection assumption can often obscure effects that are essential to the overall dynamics [24,25].
One interesting such possibility is the effect of structure for the evolution of fairness. While I found
little-to-no effect in the limit of weak selection, [10] used simulations to find that structure with a
type of local Birth-Death updating can indeed promote the evolution of fairness in the limit of strong
selection. Reconciling these two findings would shed light on the mechanisms by which structure can
play a significant role as well as on the interaction between structure and selection intensity.

Second, I assume that individuals are equally likely to be in both roles: proposer and responder in
the ultimatum game and investor and trustee in the trust game. However, this is not always the case.
Therefore, it would be interesting to study the effects of population structure on games between two
populations, sometimes referred to as bimatrix games. When the two populations are well-mixed, [22]
derived analytical conditions for a pair of strategies to be favored in the limit of weak selection and
Rand et al. [8] applied these results to the study of the ultimatum game in a well-mixed population.
They found identical results to the one-population approach I employed here. Furthermore, applying the
approach in [22] to the trust game between two well-mixed populations I similarly find identical results
here. However, no description exists for bimatrix games when the two populations are structured. In
an experimental setting, [17] showed that considering a population of investors and one of trustees and
exogenously introducing population structure by pairing investors and trustees with similar levels of trust
and trustworthiness, can lead to the evolution of both traits. It is worthwhile considering an evolutionary
update rule that would allow the interaction between two structured populations and inspecting whether
the same results presented here will be obtained.

Finally, here the access to the trustees’ reputation is assumed to be instantaneous. In [26] however
Manapat and Rand introduce delays in information propagation and endow investors with memories,
thereby allowing for the possibility that investors might face conflicting information about trustees.

Similar directions can and should also be studied in a population structure context.
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A. Selection of Continuous Strategies in a Structured Population

To avoid very cumbersome notation I will show the proof for only two dimensions but the extension

to the n-dimensional hypercube is a straightforward analogy. First [ assume, as in [8], that the strategies
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do not cover the entire unit square, but in fact are only of the form s = (i/m,j/m) with 1 < i,5 < m
being integers. This discretizes the problem, making it possible to invoke previous results. To then go
back to the continuous strategy space I simply take the limit m — oo.

Having turned the continuous problem into a discrete one, I am now interested in the stationary
abundance of these discrete strategies. For this problem, I can use the result in [19] to conclude that, for
large population size N, strategy s is favored by selection if L + 09Hs > 0 where

L= 333 [01B(s,5) + Els,s') ~ B(s',5) ~ 01E(s', ')

i'=1j/=1

Hy= S ST ST S [Bls ")~ Bl )]

i'=1j/=14"=1j"=1

(16)

Here ' = (i'/m,j'/m) and s” = (i"/m,j”/m) and E(s,s’) is the expected payoff that strategy s
receives from strategy s’ in a given game. Moreover, [19] showed that the higher the quantity L, + 03 H,,
the more the strategy s is favored by selection. Consequently, to determine which strategy is most favored
by selection, one simply has to maximize L + 05 H.

Taking the limit m — oo as in [18], the sums in Equation (16) converge to the integrals

fg— / 1 / (1E(S.5) + E(S.8") — E(S'.S) — o1 E(S'.§")] dyldr’

HS—/ / / / (S,8") — E(S',S")] dp'dr'dp"dr",

where 5" = (p/,7’) and S” = (p”,r"). It follows that the condition for strategy S to be favored by

(17)

selection is Lg + 03 Hg > 0 and that the most favored strategy is determined by maximizing Eg =
ES + 0'2]:.] S.

B. Trust Game: Two Well-Mixed Populations Formulation

For the ultimatum game in a well-mixed population, [8] showed that using a one-population
formulation as above or a two-population formulation (in which half the population always plays the
role of proposer and the other half always plays the role of responder) leads to identical results. Here I
show that the same holds for the trust game. I only show the calculation for the simple trust game but
the analysis is identical for the trust game with reputation. Consider two populations — one of investors,
the other of trustees. Then, the payoff of an investor using strategy p from a trustee using strategy r is
E;r =1 — p+ pbr and the payoff of the trustee is £ = pb(1 — r). Using the extension of the result
in [21] to continuous strategies employed by [8] I find that the condition for a pair of strategies (p, ) to
be selected for is L(p,r) + 2(N — 1)uH (p, ) where

Lip,7) = /[ | [Ef<p, r)+ Erlp,v') = By, ) = B0 difdr'+
0,1]2

— Er(p,v') + Br(p),1) = Bx(r',7") | dpfdr’ (18)

_l’_
£

:/[ . Er(p,r") — Ei(p', ")+ Ex(p',r) — ET(p’,r')}dp’dr’
0,1
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I find
L(p,r) +2(N — DuH(p,r) = (1 + (N — Du)(=br + p(b—2) + 1) (19)

This is greater than zero for the same strategy space as derived in Section 4.1, Equation (7).

Furthermore, optimizing, I obtain the same condition as for the one-population formulation:

(0,0) ifl<b<?2

(Pove Tom) = { (1,0) ifb>2

Thus, using the two population formulation for the trust game when both populations are well-mixed
yields the same outcome as using the one population formulation.

C. Calculation of E5 for the Trust Game with Reputation

Because 7°(S, S) depends on whether > 1/b, I find:

forr <1/b
Eq = %( b1 — )2 + o)r + p(1 — q)(B(201 + 0a) — 2(1 + 01 + 02)) + 0)
EY = %( —2b(1 — q)r + 2p(1 — q)(bog — 2(1 + 01)) + CO)

and for r > 1/b

Es = 1( —b(1+q)(2+ 02)r + p(1 — q)(b(201 + 02) = 2(1 + 01 + 03)) + C'+

2
+q(1— oy +b(1 + 0y + oz)))
EY = %( — (1 — g)r + 2p(1 — q)(boy — 2(1 + 01)) + Co + q(1 — o1 + b(1 + 01))>

(20)

where Cjy and C' are constants with respect to the strategy S = (p,r). The trustful and trustworthy
strategy can be the winning strategy if its expected payoff is higher than that of the trusting strategy that
is not trustworthy, i.e., if F(1 ) < E(1,1/p4c). This is the case if and only if:

1
17 f{%;rfezz% —1 D
which is less than 1 if . (b—1)(0+1) )
- 2b
A sufficient condition for ¢ to satisfy Equation (21) is that

- - %((;Tiw <g<1 (23)

as long as
e o bo — (1+ o) 4)

b(1+20)+ (14 o)
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