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1 Supplementary literature

To a large extent, evolutionary game theory takes a reductionist approach. It aims to understand social
behavior by exploring the dynamics of individual games. This is also the approach of most text books (1~
4)) and reviews (5H10). Instead, here we are interested in describing how people act if they are involved in
several games concurrently (possibly with different interaction partners). In the following, we summarize
the previous theoretical and experimental literature on this topic, and we describe how our approach differs

from this literature.

1.1 Theoretical work

We study direct reciprocity in concurrently ongoing repeated games. This work is naturally related to sev-

eral strands of the evolutionary game theory literature.

Evolutionary dynamics of multi-games. Several researchers have explored the evolutionary dynamics in
concurrent non-repeated games (11-14). Here, players engage in two or more one-shot games concur-
rently. This literature asks to which extent the dynamics and the equilibria of such ‘multi-games’ can be
directly inferred from the constituent games. While the equilibria of multi-games are typically directly
related to the equilibria of the individual one-shot games (11)), the overall evolutionary dynamics may dif-
fer. In particular, multi-games may lead to evolutionary oscillations that have no analogue in any of the
constituent one-shot games (12). While this work provides important insights into the evolutionary dynam-
ics of one-shot games, it does not extend to reciprocal interactions. In these models, individuals have no
possibility (or interest) to strategically link their behavior across different games. Similarly, these models

do not study the effect of spillovers from one game to another.

Social dilemmas with punishment or rewards. There is also abundant work in which a social dilemma is
coupled with a subsequent game in which individuals can reward or punish each other (15-H21)). Such social
dilemmas with incentives share some similarities with our same-partner treatment, to the extent that indi-
viduals can use one game (the rewarding or the punishment game) to incentivize additional cooperation in
the other. A crucial difference, however, is that the second punishment/reward stage is explicitly designed
to strategically influence co-players to cooperate. In contrast, we are interested in how people approach
concurrently ongoing games when there is no exogenous indication that behavior in one game might or

even should be tied to the behavior in the other.

Direct reciprocity. While there is a vast literature on the evolution of reciprocal cooperation, most studies
assume that individuals only interact in one repeated game at a time, or that they treat all their games as
independent (22-40). The setup of these studies thus corresponds to the setup of our control treatment.

In addition, there is literature on so-called stochastic games (41-43). This literature asks how people



cooperate when their behavior in the current round has an influence on the game played in the next round.
For example, depending on the players’ previous actions, players might either play a high-benefit or a low-
benefit game. Importantly, however, players only engage in a single game in every round. Compared to
these studies, we ask: does the presence of other ongoing games enhance or suppress cooperation? How
can we model the different ways in which behavior in one game may consciously or subconsciously affect
behavior in another game?

Some of these questions have been taken up by the industrial economics literature, when asking how
firms compete in several distinct markets (44, 45). These studies conceptualize the competition across
different markets as formally independent repeated games, similar to our same-partner treatment. Assuming
that markets and firms are symmetric, this literature finds an irrelevance result (44): multi-market contact
does not allow firms to collude more effectively, compared to the possibilities given by each isolated game.
The respective papers, however, take an equilibrium perspective. They characterize optimal behavior among
rational players. In contrast, we are interested in how people learn to play strategically over time (far from
equilibrium). To this end, we also formulate learning processes that aim to capture some of the cognitive
constraints and biases people may be susceptible to.

Two studies from the evolutionary game theory literature are most closely related to what we do. First,
Reiter et al (46) consider players arranged on a network, who interact in a repeated prisoner’s dilemma
with each of their neighbors. The players’ strategies treat each game as independent (as in our control
treatment). That is, the strategies only depend on the previous action of the respective neighbor. However,
the model allows for ‘crosstalk’ between different games. When a crosstalk event occurs, a player who
intends to defect against one neighbor may mistakenly also defect against another neighbor (similarly for
cooperation). In line with the results of our model extension on exogenous spillovers, the study finds that
higher crosstalk rates undermine the evolution of cooperation. Importantly, however, their model does not
study the endogenous evolution of linkage between independent games. Instead crosstalk between games
is included by an exogenous parameter.

Second, Donahue et al (47)) describe the equilibria of our same-partner treatment. As in our case, there
are two players who engage in two repeated games in parallel. Players can condition their behavior in either
game on the previous outcome of both games. As in our simulation of the baseline scenario (Fig. 2), they
find that concurrent games can lead to strategic linkage. This linkage in turn can promote cooperation com-
pared to the control treatment. Our model generalizes this work substantially: (i) We introduce a consistent
framework that allows us to compare strategic effects of linking different games with non-strategic effects
(by comparing the same-partner and the different-partners treatment). (ii) We explore the impact of several
plausible biases and psychological constraints (see also Section [2.2). (iif) By designing and analyzing a

behavioral experiment based on our model, we compare the theoretical predictions to empirical evidence.



1.2 Experimental work

Direct reciprocity. Just as in the theoretical papers mentioned above, most experimental studies look at
individual games in isolation (48)). One notable exception is spatial games played on a network where
players interact with their neighbors (49-51)). In these spatial prisoner’s dilemma, players have been found
to reciprocate cooperation based on the number of their neighbours who cooperated on the previous round
and their own previous action (52). Nonetheless, as the number of co-players increases, cooperation decays
(53H55). However, in these experiments players’ actions are the same for all neighbors, meaning they can-
not tailor their choice of action to each individual neighbor. Further experiments on dynamic networks find
that players are eager to cut ties to non-cooperative neighbors when they are offered the possibility (5657,

even when doing so is costly (58)).

Spillover in multi-games. Nonetheless, there is a small literature on on simultaneous games outside of
a network, specifically looking at strategic spillovers between two games. In the economics literature, a
range of papers tests whether strategies from two distinct games might influence one another when playing
concurrently, by comparing two different coordination games (59), a Public Goods Game and a lottery
contest (60), and different payoff matrices of non-cooperative games (61, [62). Another group of studies
look at spillovers in cooperative behaviour specifically, by comparing Prisoner’s dilemma games differing
in payoffs (63 or Public goods games with varying incentives (64H66). However, they focus on behavioral
spillovers between games, but not reciprocity and strategic linkage in particular.

Angelovski et al (67) consider a setup similar to our different-partners treatment. They investigate
how people interact in two simultaneous 2-players public goods games. Players are arranged on a circle,
meaning that each player interacts with two neighbors. The two games differ in their incentives: one has
a high incentive, the other a low one. In addition, they include three controls where (1) both games have
the high incentive, (2) both games have the low incentive, and (3) both games have the average of the two
incentives. The results show that cooperation in the asymmetric public goods game matches the level found
in the control with high incentives in both games, meaning that the game with the higher incentive is able
to lift cooperation in the game with lower incentive. They also check whether contributions in one game
depend on how much the neighbor in the other game contributed on average. Average contributions to each
neighbor correlate with each other and are behaviourally interdependent.

Finally, one paper contemporaneous to ours, on the repeated prisoner’s dilemma, uses a similar design to
us. Laferriere et al (68)) look at cooperation in repeated games with different payoffs played simultaneously
with either the same or two different co-players. The games only differ in their temptation and sucker
payoff while the reward and punishment payoffs stay the same. The paper is focused on experiments and
has no evolutionary game theory component. In line with our results, they find that average cooperation is
the same whether the interactions are with the same or different co-players. However, they do not include a
single game control to understand the effect of playing two games simultaneously. Our experiment includes

such a control where players interact in a standard repeated prisoner’s dilemma with either a high or low



benefit of cooperation.

2 Supplementary methods

2.1 Baseline model

We consider two stage games, the high-benefit game (high game, H) and the low-benefit game (low game, L).
In either game, players can either cooperate (C') or defect (D). A cooperator pays a cost ¢ > 0 in order for
the co-player to get a benefit by, > c. This benefit b, depends on the type of game, k € {H,L}. As implied
by their names, the high game has a larger benefit by > br. Overall, each stage game has the payoff matrix

C D
C bk — C —C [1]
D by, 0

In particular, both games have the characteristics of a prisoner’s dilemma. Mutual cooperation yields the
highest total payoff for the two players, but for each individual player, cooperation is dominated. Players
engage in these donation games for infinitely many rounds. We refer to each individual iterated game as a

repeated game. Overall, we analyze three treatments that differ in two aspects:
1. Players either engage in one repeated game, or in both repeated games.

2. When they engage in both games, they either face the same co-player in both games, or a different

co-player in each game.

In all cases, players use reactive strategies to make their decisions (69, [70). This means a player’s action in
any game only depends on the co-players’ actions in the previous round (independent of all earlier actions).
When players engage in both games, we refer to the resulting supergame as a concurrent game. Here
players need to make two decisions each round, one for each stage game. Decisions that happen in one
repeated game may influence decisions in the other. In the following, we introduce the three treatments in

detail and we explain how to compute the players’ payoffs in each case.

2.1.1 Control treatment

Setup and strategies. In the control treatment, players only engage in one repeated game at a time. This is
the case that is usually considered in the literature. To be consistent with the other treatments, we assume
the control treatment involves four players. Players 1 and 2 interact in the repeated game with high benefits;
players 3 and 4 engage in the low-benefit game. For either repeated game k € {H, L}, strategies take the
form pk = (p’é, p’B) € [0,1]%. Here, pF refers to the player’s probability to cooperate depending on the



co-player’s previous action a € {C, D}. For example, p* = (0, 0) refers to the strategy ALLD. As another
example, pX = (1,0) implements the strategy TF T (Tit-for-Tat).

While we assume for the control treatment that each player only engages in one game at a time, we
obtain equivalent results if they play both games (either with the same partner or with different partners),
provided players can be assumed to treat both games as independent (see Fig. S1). That is, we obtain an
equivalent formulation of our control treatment if we assume players engage in both games simultaneously,
but strategies are restricted to take the form p = (p}, pih; pE, p%). Here, p is the player’s cooperation
probability in game k, depending on the co-player’s previous action in the respective game only. The the-
oretical results of this alternative formulation might be somewhat easier to compare to the other treatments
(because then all treatments would involve two repeated games for each player). However, this alternative
formulation is more difficult to implement experimentally. Therefore, we use the first formulation through-

out, as depicted in our Fig. 1b.

Calculation of payoffs. We describe how to compute payoffs for players 1 and 2. Payoffs for the other
two players are computed equivalently. Suppose player 1 uses strategy p! = (p}}, pb), whereas player 2
uses strategy p? = (p%, pQD). To compute payoffs, we represent the repeated game as a Markov chain (see,
for example, Ref. 3). The possible states of the Markov chain are the possible outcomes of a single stage
game, (C,C), (C,D), (D,C), (D,D). Here, the first and the second letter refer to the actions of player 1 and

player 2, respectively. Given the players’ strategies, the transition matrix takes the following form (3),

pepe po(1-p2) (1-pb)pe (1-pb) (1-pE)

1 2| perh pe(1-ph) (-p&)ph (1—pg) (1-ph)
M(p®,p%) = 1,2 1 2 1Y,,2 1 2 2]

pppe pp(1—=pg) (I=pp)ve (1—pp) (1-p¢)

phph ph(1-p3) (1-ph)ph (1-ph) (1-p3)

As the two players interact in this game for many rounds, play converges to an invariant distribution v =
(vce,vep,vpe,vpp). Eachentry v, 42 gives the long-run probability to observe rounds in which the first
player chooses a' whereas the second player chooses a?. For pY, p2 € (0, 1)2, this invariant distribution is

unique. By the theorem of Perron-Frobenius, it is given by the solution of the eigenvector problem
v =vM(p', p?). [3]
Based on this invariant distribution, we can compute the players’ average cooperation rates as
Yl =voc+vep and  y?=wvecHvpe. [4]

In the control treatment, these cooperation rates can be computed explicitly (3)), as a function of the players’



reactive strategies p* and p2K,

2 P+ —1h) P
1 — (g — pp)WE — Ph)

1 _ pp+ (e —pp) Ph
1~ (pt — pp)WE — Ph)

and

As aresult, we can compute the players’ average payoffs for the repeated game as

ml=by-y?—cy! and wP=by-yl—cH? [6]

2.1.2 Same-partner treatment

Setup and strategies. Here, again we consider two pairs of players, players 1 and 2, and players 3 and 4.
However, this time each pair engages in both repeated games in parallel. It follows that one player’s ac-
tion in one game may affect the co-player’s next action in the other game. Such a situation has been
previously referred to as a ‘multichannel game’ (47). A player’s strategy for repeated game k is a 4-tuple
pX = 0k, PEp, PHes Php) € (0,14 An entry p'éH,aL refers to the player’s cooperation probability in
game k, depending on the co-player’s previous actions in both the high and the low game. We note that
this strategy space contains the strategy space of the control treatment as a special case. For example, a
strategy p" = (pg, p},) of the control treatment can be represented as p” = (pg, pgs, ph, p})) within the
same-partner treatment. This reflects a case in which a player could, in principle, react to the co-player’s
previous actions in both games but decides to only react to the actions in the respective game. A strategy

for the concurrent game is a pair p= (p*, p*) €[0, 1]® that tells the player what to do in each repeated game.

Calculation of payoffs. As in the first treatment, we compute payoffs with a Markov chain approach.
Without loss of generality, consider the first two players, with strategies p'* and p2¥, respectively. Because
players no longer treat each game as independent, a state is now a 4-tuple a= (a'#, a®", a'*, a?") with a’* €
{C, D}. Each state corresponds to a possible outcomes of a single round, with the entries describing the
players’ actions in each game. For example (C, C, D, C) refers to a state in which both players cooperated
in the high game, but only player 2 cooperated in the low game. There are 2* = 16 states in total. For
two possible states a = (a', a?" a'", a?") and & = (a'®, a", a'*, a%"), we can compute the transition
probability that players move from state a to a within one round. The respective transition probability is a

product of four factors,

1H 2H 1L 2L
Maa = Ygu2ug2n " Yglugin * Ygu2ue20 ° Yulugin. [7]

These four factors correspond to the decisions that the two players make in each of the two games. The first

factor is the probability that player 1 chooses the action required by a in the high game,

18 p;SIHQQL if le =C
Yo2ug2 = [8]
1-plf, o ifa'" = D.



The three other factors in Eq. [[7]] are defined analogously. Again, we collect these transition probabilities
in a 16 x 16 matrix M (p', p?) = (maz). By computing the invariant distribution v = (va) of this matrix,
we infer how often the two players visit each state a= (a'", a", a'*, a®") € {C, D}* over the course of the
game. Based on this invariant distribution, we compute the average cooperation rate of player ¢ in game k.

To this end, we sum up over all possible states in which player ¢ cooperates in game k,

Y= 3" va Loy [9]
ac{C,D}*

Here, 1p is an indicator function. Its value is one if the statement P is true, and it is zero otherwise. Based

on these cooperation rates we define the player’s payoffs in repeated game k € {H, L as
B L e LR LY. =L S [10]
We define the payoffs for the concurrent game by adding up the payoffs for each repeated game,
al=a4n and #?=n2"4n%L. [11]

The payoffs for players 3 and 4 can be computed with the same algorithm.

2.1.3 Different-partners treatment

Setup and strategies. In this treatment, players have different interaction partners for the high and the low
game. Specifically, we consider four players, with interactions as displayed in Fig. 1 of the main text.
For example, player 1’s interaction partner in the high game is player 2, whereas the interaction partner
in the low game is player 3. Similar to the same-partner treatment, a player’s action in one game may
depend on the previous outcome of the other game. That is, a strategy for game k again takes the form
pk= (pl(‘}c, pg D> pIBC, p% p) €10, 1]*. Each entry pEH’ .- indicates the player’s probability to cooperate in
game k, depending on the previous action a of the co-player in the high game, and on the action a® of the
co-player in the low game. Again, a strategy for the concurrent game is a pair p= (p*, p*) €0, 1]%. It tells

the player what to do in each of the two games.

Calculation of payoffs. As before, payoffs are computed with a Markov chain approach. However, because
we no longer have two distinct pairs of players, the state space is yet again bigger. This time, the set of
states consist of all 8-tuples a = (a'", a", a3", a*", a'®, a®", a®", a**) € {C, D}®. For example, a tuple a
with a3" = C refers to a round in which player 3 cooperates in the low game with the respective interaction
partner (player 1). Because there are now eight (independent) decisions made each round, the transition

probability from state a to a is a product of eight factors,

1H 2H 3H 4H 1L 2L 3L 41,
Maa = Y2130 " Ygiugar * Ygpangin * Yosugon - Yg2u430 " Yu1ugan * Ygaugin * Yg3u421- [12]



The entries y;’f{ .o are defined the same way as before, see Eq. [§]. The respective transition matrix
M(p', p?,p3,p*) = (maa) that summarizes all these transition probabilities is now of size 256 x 256 (in
particular, the players’ payoffs are now more computationally expensive to derive). However, the remaining

steps are analogous to the previous treatments. Again, we first compute the players’ average cooperation

rates in each game by summing up over all relevant states a= (a'", a®*, 3", a*", a'*, a?", a3", a*"),

)

Y= 3" va gy [13]
ac{C,D}8

Based on these eight cooperation rates, we can compute the players’ payoffs in each game as follows,

ﬂ—lH _ bH"YQH . C"YIH, 7'['1L — bL"YSL _ C.,-ylL7
7T2H _ bH-’}/lH . CM}/QH’ 7_[.2L — bL"y4L _ 0,72L7
T = by -y — oy R G o -
T = by y3H — eyt T = b2t — it

The overall payoff of player 4 in the concurrent game is the sum 7 = 7% 7%,

2.1.4 Trembling-hand errors

The strategies introduced above describe which actions the players wish to take. However, actions may be
subject to errors. For example, players may intend to cooperate, but they may fail because of a lack of at-
tention. Similarly, players may misimplement their intended action because of a trembling hand (71). The
assumption of trembling-hand errors is fairly common in the evolutionary literature on repeated games (9).
In addition to making the model more realistic, errors have two useful mathematical implications. First,
errors ensure that all finite histories of a repeated game are visited with a positive probability. As a con-
sequence, each entry of a player’s strategy has an effect on the player’s payoff (there are no entries that
are neutral merely because the respective history is never visited). Second, errors ensure that the Markov
chains described in the previous sections are ergodic, irrespective of the players’ strategies. This implies
that payoffs are well-defined even when the unperturbed Markov chain has multiple absorbing states.

We assume trembling-hand errors occur with a constant probability ey, and they affect cooperative and
defective actions alike. As a result, a player’s nominal strategy p* for game k translates into an effective

strategy pla‘, with
pt = (1—emn)p* + eru(1—p"). [15]

Here, 1 is a vector that has the same size as p¥, but with all entries being equal to one. As an example,
under this transformation, the repeated-game strategy Tit-for-Tat (1,0) in the control treatment is mapped

to the effective strategy (1 — ey, etn). More generally, this transformation takes a strategy p* € [0, 1],



and maps it into the interior of this strategy space, p? € letn, 1 —etn]™. The above strategy transformation
works for all three considered treatments. We can compute the players’ (effective) payoffs by simply taking

the effective strategies (instead of the nominal strategies) as the input in the respective payoff algorithms.

2.2 Modelling cognitive constraints and alternative behavioral processes

Once players interact in several games in parallel, their behavior may be subject to cognitive constraints
that cannot be studied within the classical framework of (independently) repeated games. In the following,
we consider some of these constraints, and we discuss how they can be incorporated into our framework

for the same-partner treatment and the different-partners treatment, respectively.

2.2.1 Imperfect recall

Motivation. When engaging in several interactions in parallel, people may confuse the outcome of one
interaction with the outcome of another. This effect is best documented in studies where participants need
to memorize the outcome of different social dilemmas with changing interaction partners (72} [73). As one
may expect, these studies find that it is more difficult to correctly recollect one interaction partner’s past
decision when several other interactions (with different outcomes) occurred in the meanwhile.

Imperfect recall can undermine reciprocal cooperation because it restricts the players’ ability to give
targeted responses. This may also affect the predictions of our baseline model. As an example, consider
a player whose co-player in the high game defected in the previous round, and whose co-player in the
low game cooperated. With perfect recall, such a player would react by cooperating with probability pY,~
and pp,., respectively. With imperfect recall, this player may confuse the outcomes of the last round,
and choose to cooperate with probability p/.,, and p¢ ) instead. The impact of this cognitive constraint
depends on the exact values of the cooperation probabilities. The impact is small when plé D~ pIBC for
both k€ {H, L}. It can be substantial when the cooperation probabilities differ considerably.

Incorporating this kind of imperfect recall into our model is not as straightforward as incorporating
trembling-hand errors in Section[2.1.4] There we assumed that trembling-hand errors affect each game of a
player independently. An error in one game does not increase or decrease the likelihood that a similar error
occurs in the other game. As a result, we can model the effect of errors by simply replacing nominal strate-
gies by effective strategies, see Eq. [13]. In contrast, imperfect recall affects both games simultaneously. In
the following, we describe how confusion can be integrated into our framework, both for the same-partner

and the different-partners treatment.

Same-partner treatment. We suppose that in any given round, each player may be subject to imperfect

1H 2 1L 2L “1H ~2H =1L ~2L
a't, ya't,a*t) a, N

recall with probability ejg > 0. Leta=(a"", a anda=(a"a",a be the current and

the next state, respectively, with a, a € {C, D}*. We distinguish four cases.

1. With probability (1—er)? no player commits an error. In that case, the transition probability from a

10



to & is the same as in the baseline case, yiQHHagL -yiﬁau ~y;§“ﬂa2L -yzhau, with each factor yz’ﬁ .. being

defined as in Eq. [§]].

2. With probability ejr (1—£1r ) player 1 commits an error but player 2 does not. In that case, the relevant

transition probability is yézHLagH -yiﬂau 'yfﬁa?ﬁ ~y§1LHa1L (i.e., the first and the third factor are modified).

3. With the same probability g (1—¢r ) player 2 commits an error but player 1 does not. The respective

transition probability is y;QHHa2L -ygﬁam -y;%HGQL -ygham (the second and fourth factor are modified).

4. With probability 512R both players commit an error simultaneously. In that case, the transition proba-

bility becomes M. oy 1oyl oq -yl 1 (all factors are modified compared to the baseline).

The overall transition probability from a to a is the weighted sum of these four conditional transition
probabilities.

Equivalently, we can also write the respective transition matrix more explicitly. For a given repeated-
game strategy pX = (p'éc,pléD,pIBc,pIBD), define a perturbed strategy by pX := (p’(‘}c,plfjc,pgD,p%D)
(i.e. the second and third entry change their position). For a concurrent-game strategy p=(p®, p*), define
p := (P, p") as the strategy with perturbed components. Based on this notation, let p! and p? be the
strategies of the two players in the same-partner treatment. Then the respective transition matrix for the

case of imperfect recall can be written as
Mig = (1-e)® M(p", p?) + ei(1—2i) (M(B",p%) + M(p",5%)) + efe- M(B',5%).  [16]

The matrices M (x,y) on the right hand side are defined as in the baseline model, Eq. [[7]]. In particular, as
errors vanish, ejg — 0, the matrix Mg recovers the baseline transition matrix. For positive error rates, we
can use the matrix Mg in Eq. [I6] to compute the invariant distribution, the players’ average cooperation

rates, and their expected payoffs as before.

Different-partners treatment. The logic of integrating imperfect recall into the different-partners treatment
is analogous to the same-partner treatment. However, because there are now four players, there are more
cases to consider. In a given round, the number of players who are subject to imperfect recall may be any

number between zero and four.

11



Using the same notation as before, the respective transition matrix becomes
Mr= (1-ewr)* M(pip?pip?)
+er(l—er)? (M(ﬁl, p?pip*)+M(pp3p2p*)+M(p P35S p*)+M(p:pip? 134))

+ ch(1—ew)? (M(BLp2pIpY)+ M (BLp2 B2 pY) + M (B pptpY)
(17]

+  ex  M@E'PIDPIPY)
Again, given this transition matrix, it is straightforward to compute the players’ cooperation rates and their
payoffs, as described by Egs. and [[14]).

2.2.2 Behavioral spillovers

Motivation. Behavioral spillovers occur when an individual’s action in one domain leads that individual to
take a similar action in a different domain. Such spillovers may occur consciously or subconsciously, and
they can have important policy implications (74} (75)). In the context of our framework, spillovers induce ad-
ditional correlations in a player’s behavior across the two games. For any given history, spillovers increase
the chance that a player cooperates in both games (rather than cooperating in one game and defecting in
the other). Similarly, they also increase the chance that players defect in both games. In the following we

describe how (exogenous) behavioral spillovers can be integrated into our framework.

Same-partner treatment. We assume spillovers occur with a constant probability esp and they affect each
player independently. Moreover, we assume that both cooperative and defective actions are equally likely
to spill over to a different context. To describe the effects of such spillovers formally, we consider two
players with strategies p! and p2. We aim to describe the probability that they make the transition from
state a= (a'", a", a'", a®“) € {C, D}* in one round to state &= (a'", a**, a'*, a*") € {C, D}* in the next
round. Again we need to distinguish several cases. For example, there are different ways that would lead

player 1 to cooperate in both games in the next round:

1. Player 1 may decide to cooperate in both games from the outset. Given the previous actions of the

second player, this happens with probability pl5, . - pi5 2.

2. Player 1 initially decides to cooperate in the high game but to defect in the other; but due to a spillover,

the player ends up cooperating in both games. The respective probability is =5 - p;I;HazL (1— p;%HazL).

The factor of one half indicates that spillovers could equally lead the player to defect in both games.

3. Similarly, player 1 may wish to defect in the high game, to cooperate in the low game, but ends up

cooperating on both games due to a spillover. This probability is 8% -(1— p(llgﬂagL)pclL%Ham.
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4. If player 1 wishes to defect in both games, spillovers cannot affect the player’s decision.

Overall, in the presence of spillovers, the transition probability from state a to a takes the form

)

1 2
Maa = 2 28,20 * ZglH1L. [18]

Here the two variable Z;H . for i€ {1,2} describe the decisions of the two players in both the high and the
low game. For example, for the first variable,

pigHampigﬂazL + £se pigﬂam (]- _ptlllé}:am) + (]- _pigﬂam )pigHGZL if &1H = C; a2H =C
2
(1—esp)ppbiger (1—Dp5eg20) ifalf=C, a2 =D
ZiszazL =
(1_ESP>(1_p;I§Ha2L)p}IgHa2L if &1H:D7 dQH:C
(]- _ptllgaam ) (1 _pi%HGZL) + %P {p}lgﬁam (]- —pigaam ) + (]— _ptllgkam )pill%aam} lf &1H = D» dQH = D

(19]

The variable Zle,alL for the second player is defined analogously. In the limiting case that exogenous

spillovers are rare, esp = 0, the transition probability simplifies to the formula of the baseline

model, which is reassuring. However, as esp increases, each player becomes increasingly unlikely to choose

different actions in the two games. In particular, in the limiting case esp = 1, there is a perfect correlation
between a player’s actions. Each player either cooperates in both games, or defects in both games.

By collecting the transition probabilities and writing them as a matrix Msp= (4 5), We can again

use the methods from the baseline model to compute expected cooperation rates and payoffs.

Different-partners treatment. Spillovers can be incorporated in the same way as in the same-partners treat-
ment. If pl, p2, p3, p4 are the strategies of the four players, and a and a are the current and the next state,

respectively, the transition probability takes the form
Maa = Z;QHQBL : zZlHa4L : 224HQ1L : Z;LBHQQL- [20]

The individual factors ZleaL are defined analogously as in the previous section, see Eq. [19]. Based on the

resulting transition matrix Msp = (ma 3), We can again compute cooperation rates and payoffs.

2.2.3 Preferential updating

Motivation. The two previous subsections dealt with two plausible kinds of errors. These errors affect how
people with given strategies act in a concurrent game. The next two subsections describe two behaviorally
plausible modifications of the learning process. These modifications affect how people choose their strate-
gies in the first place. The baseline model assumes that in each step of the learning process, players are
equally likely to update their strategy for the high game and for the low game. In the following, we discuss

a model extension that allows for preferential updating. Here, players are more likely to update the strategy
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in the game that currently yields the lower relative payoff.

Implementation of the learning process. We incorporate preferential updating as follows. As in the baseline
model, we assume that in any given time step ¢, one individual, say player j, is picked at random. This
player is then given a chance to generate an alternative strategy, by either modifying their strategy in the
high or the low game. However, in this case, the high-game strategy is modified with a probability given
by the Fermi-function, .

J = : . 21
¢ 1+exp[m(”b‘—f—”b'—?)] 21

The parameter x >0 measures to which extent updating is biased towards one game or the other. For x =0,
we obtain §j = 1/2, irrespective of the value of the other variables. In that case, we recover the baseline
model where both games are equally likely to be modified. For positive x, the player is more likely to
modify the strategy that currently yields a lower payoff, relative to the maximum achievable payoff b, in
the respective game. Once an alternative strategy is generated, the further process is the same as described
in the main text. As described there, the player is more likely to adopt the generated strategy pJ, the higher
the hypothetical payoff 77 is compared to the player’s current payoff 77. If pJ yields a high payoff, it is
likely to be adopted. If pJ yields a low payoff, it is likely to be discarded and the player continues to use
their current strategy p’.

2.2.4 Updating under narrow bracketing

Motivation. Narrow bracketing refers to situations in which people make decisions in one domain without
fully taking into account its consequences on decisions in other domains (76)). Such a bias may also unfold
in concurrent games. Players who update their strategies for a given repeated game k € {H, L} may neglect
the impact of this strategy change on the other game. As a result, a strategy change that is beneficial in
the respective game may be detrimental overall. In the following, we describe a simple model of narrow

bracketing in the context of concurrent games.

Implementation of the learning process. The learning process under narrow bracketing follows along the
same lines as the baseline learning process described in the main text. As before, a randomly chosen focal
player updates its strategy in a randomly chosen game k € {H, L}. When deciding whether to adopt the new
concurrent strategy pJ, with probability 1 — ), the player compares the total payoffs 7/ and 7/. With the
converse probability \, however, the player only compares the payoffs 77% and /% of the particular game
k in which the strategy p’ got updated. In particular, a player may adopt the alternative strategy because
7% > 77% even though the total payoff effect is negative, 7/ = 77" +7/* < /% 47/ = 7. The total effect
may be negative because in concurrent games, a player’s strategy in one game can affect the co-player’s
response in the other game. We refer to A as the probability of narrow bracketing. When A =0, decisions

are made as in the baseline model. As )\ increases, updating decisions are increasingly based on the payoff
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effects in repeated game k only.

2.3 Experimental methods

2.3.1 Experimental procedures

Experimental setup. Our experiments has three different treatments, matching those of the theoretical
model Fig. 1. The treatments differ in the number of games played simultaneously and in the number
of co-players. The control treatment is a standard 2-player game. The same-partner treatment is also a
2-player game, but now both players interact through two games simultaneously. The different-partners

treatment also involves two games, but now each participant interacts with two different co-players, one for

each game.
Treatment Number of games Number of co-players
Control 1 1
Same-Partner 2 1
Different-Partner 2 2

Each stage game is a donation game. Players choose between paying a cost to send a benefit to the co-player
or do nothing. The games differ only in the benefit b sent to the other player; the cost ¢ remains constant.
In the high game, b=4 points and c=2 points, whereas in the low game, b=23 points and c¢=2 points.
Participants interacted for a minimum of 20 rounds with their respective co-player(s). To avoid end-
game effects, after the 20th round, each subsequent round had a 50% chance of occurring. Participants
in the multi-game treatments (same-partner and different-partners) made decisions for both games simul-
taneously (i.e. on the same page) on every round. The decisions for each game were separately elicited
from each other. Participants were told what the other player(s) had chosen after every round, and they
were reminded of their co-players’ previous decisions when making their next one. Once all rounds had
been played, each participant was informed of their total payoff across the whole game in points as well as
the converted amount (in GBP). They were asked to fill a demographics form, were thanked for their time
and informed that the money would be paid to them by the lab manager at a future date. The games are
built with the python package oTree (77)) and ran online. oTree was developed specifically to run real-time

interactive sessions with multiple participants.

Participant recruitment. We recruited 363 participants between April and October 2021 from the Uni-
versity of Exeter pool of subjects. Participants received a baseline payment of £3 for participating in our
experiment. In addition, they were able to receive a bonus payment based on their performance during
the experiment. To earn this bonus, participant accumulated points from one or two games that were con-

verted to British pounds (£) at the end. One point was worth £1/75 (or 20 points = £0.26) and the average
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bonus earned was £1.66, £1.62, and £0.88 in the Different-Partners, Same-partner and Control treatments,
respectively. The sample size was estimated from a rough power analysis and based on previous similar
research, given constraints on the size of the FEELE subject pool. The student pool showed lower dropout
rates than most online recruiting platforms. The experiment was approved by the faculty of Medicine of
the Christian-Albrechts-Univeristy in Kiel (ID number D 571/20)

Experimental procedures. The design of the experiment was between-subjects, meaning that participants
only took part in one treatment. Fifteen sessions of up to 32 participants were run sequentially. Each
session was for one treatment only. Participants signed up for an open slot on the FEELE platform of the
University of Exeter without prior knowledge of the experiment or treatment. Ten minutes prior to the start
of the session, the experimenter opened a room in oTree so that participants could connect and wait until
everyone had arrived. Once the room was full, the experimenter started the study. Once participants entered
the study, the first page was a consent form describing their rights. Clicking on the button to continue was
explained to mean they gave their consent to take part in the study. Then the instructions were provided
along with a series of comprehension questions. If they gave a wrong answer, a message appeared on the
screen asking them to reread the instructions and change their answer. They could only continue once they
gave the correct answer to each question. After these steps were completed, participants entered a virtual
waiting room.

Once at least four participants were in the virtual waiting room, they would be paired together to form
a group and proceed to the main task. Players were always grouped together in fours, but they only play
as an interactive group of four in the different-partners treatment. This constraint comes from the design
of the different-partners treatment, but to ensure consistency in waiting times throughout the experiment, it
was implemented for all treatments. In the other two treatments, two pairs go through the game at the same
time but are unaware of the other pair’s existence. Participants waited for a maximum of seven minutes.
If not enough players showed up in that timeframe, participants were considered unmatched and instructed
to leave the study and receive their participation fee, but no bonus. If after pairing one player in a group

dropped out, all others were informed and asked to leave the study. They were paid a fixed bonus of £1.

2.3.2 Statistical methods

For our data analysis, we only considered groups where all participants completed their total number of
rounds, resulting in 316 subjects in 79 groups. To increase power, in the same-partner treatment, we
separate the two independent pairs into subgroups. We use these smaller denominations for our group level
analysis. This means we have 36 groups of 2 for the same-partner treatment, 32 groups of 4 for the different
partners treatment, and 29 groups of 4 for the control. Since all considered groups played at least 20 rounds
but differed in the total number of rounds, we used only rounds 1-20 for the main analysis. All averages are
aggregated at the group level for all our analysis so that we get the average cooperation across all rounds of

interest and all group participants.
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2.3.3 Additional results

Overall cooperation levels in the two multi-game treatment do not differ significantly despite difference in
conditional behavior, suggesting that the difference in overall cooperation rates is not due to reciprocity. In
addition, cooperation in both multi-game treatments is lower the first round (From 79% in control to 64% in
the same-partner treatment and 66% in the different-partners treatment in the high game, and from 67% in
control to 49% in the same-partner treatment and 55% in the different-partners treatment in the low game).
Here we report the statistical results to test if this difference is significant already on the first round of the
game(s). The results are mixed, and we only find a significant difference in the high game for the same-
partner treatment p= 0.021,0 = 0.33 (95% C1[0.02,0.57]), and in the low game for the different-partner
treatment p= 0.024, 6 = 0.29 (95% CI[0.04,0.51]). (see Fig. 4.)
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Figure S1: Learning dynamics among players who treat each game as independent. This figure uses the same
setup and the same parameters as in Fig. 2. Panels a-c show the overall cooperation rates for each treatment, and
panels d-f show the conditional strategies for each treatment (probability to cooperate based on the previous actions).
However, this time, players in the same-partner and the different-partners treatment are artificially restricted to treat
each repeated game as independent. That is, for these simulations, we only allow those mutant strategies that satisfy
Eq. [3] in the main text. In this case, all three treatments are equivalent. They lead to the same cooperation dynamics,
and they generate the same cooperative strategies.
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Figure S2: Invasion dynamics across the three treatments. To gain further insights into the learning dynamics, we
have run simulations assuming that players start out with predefined strategies. Here, we allow for three such strate-
gies. ALLD cooperates with probability 0.01 each round, corresponding to a noisy variant of always defect. GTFT
treats each game as independent and cooperates with probability 0.99 after cooperation, and 0.50 after defection.
LTFT corresponds to a version of GTF'T with linkage. It cooperates with probability 0.99 if the co-player previously
cooperated in both games; otherwise it cooperates with with probability 0.50. Note that this strategy only exists in
the same-partner and the different-partners treatment. Initially, all players are assumed to adopt the same strategy (we
refer to the strategy as the ‘resident’). Then we simulate the learning dynamics until there has been a ‘regime shift’
(meaning that the average cooperation rate among the four players exceeds 50% after starting from ALLD, or that it
falls below 50% after starting from GTFT or LTFT). We record the time it takes for a regime shift to occur (panels a
—c). In addition, we record the first strategy that a player adopts instead of the resident strategy (to which we refer as
the ‘first invading mutant’, panels d—K). In the same-partner treatment, LTF T is the most robust resident strategy with
respect to regime shifts. In the different-partners treatment, the most robust strategy is ALLD. In general, we find that
ALLD is typically invaded by conditionally cooperative strategies (which show a very small cooperation probability
after full defection). In contrast, both GTFT and LTFT are typically invaded by strategies similar to LTFT in the last
two treatments. All bars represent averages of 1,000 independent simulations, using the parameters of Fig. 2.

19



Impact of Impact of Impact of
trembling-hand errors continuation probability selection strength
1.0 - = =
L a L C L e
[0} L L L
o T
£ s : g
505 = I e a8
= AR A A=K A A A
=33 fa (Y e A ’ “
I 3 Ao A / | @ Control
© a L 7 L Same-partner
004 T L, 4 Different-partners
1.0 - = =
‘b d f
o L
o ©
£ c
[
o 505 L L
2 0
o o
- 8 Control
o I I Same-partner
0.0 ! ! L ! ! ! ! ! 1 Different;partners
0.00 0.05 0.10 1 4 16 64 2561024 1 4 16 64 2561024
Error rate Expected number of rounds Selection strength

Figure S3: Robustness of evolutionary results. To explore the robustness of our results, we systematically vary
three key parameters. a, In previous figures, we have assumed that players always perfectly implement their intended
actions. Here, we explore the impact of trembling-hand errors, see Sectionm Overall, such errors make it more
difficult to sustain cooperation. b, In our previous theoretical analysis, we have assumed for simplicity that the game is
infinitely repeated. However, it is straightforward to analyze repeated games in which after each round, the game only
continues with a probability § < 1, see for example Ref. (78). Here, we report the corresponding simulation results,
as a function of the expected number of rounds, 1/(1—4). As one may expect, players become more cooperative
when there are more rounds. ¢, Finally, we have also varied the selection strength of the evolutionary process (in the
main text we use S =200). The stronger selection, the more we see a difference between the three treatments. Across
all conditions, our results suggest that one should expect most cooperation in the same-partner treatment, in line with
Ref. (47). Parameters are the same as in Fig. 2.
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Figure S4: Concurrent games beyond the prisoner’s dilemma. a, In our previous analysis, we assumed players
engage in different donation games. The respective result of Fig. 2 is reproduced here. In addition, we consider three
cases in which the low-benefit game is replaced by b, the payoffs used by Axelrod (23)), ¢, a snowdrift game, and d, a
coordination game. Across all games, we observe that the same partner-treatment should result in more cooperation
than the different-partners treatment. Yet in the case of a coordination game, the control treatment seems to be best
able to single out the most efficient equilibrium. Except for the low-game payoffs, all parameters are as in Fig. 2.
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Dependent variable:

Cooperation

High game Low game
Partner’s previous decision 0.673***
in the high game (0.043)
Partner’s previous decision 0.651***
in the low game (0.034)
Constant 0.222%** 0.216***

(0.034) (0.025)

Observations 2,470 2,470
R? 0.452 0.424
Adjusted R? 0.452 0.424
Residual Std. Error (df = 2468) 0.344 0.369
Note: *p<0.05; **p<0.01; ***p<0.001

Table S1: Conditional cooperation in the control treatment. Similar to Table 1, here we report the results of a
linear regression for the players’ conditional cooperation probability in the control treatment. Based on the data of
our behavioral experiment, we estimate how likely participants are to cooperate, depending on their partner’s previous
behavior. We observe that previous decisions have a significant impact on the probability of cooperation in the current
round (in the high game: p < 0.001, in the low game: p < 0.001).
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Instructions

You are Participant 1 in this study. The other participants are Participant 2 and Participant 3.

In each round, you and Participant 2 will simultaneously interact with each other in Task A, and you and Participant 3 will
simultaneously interact with each other in Task B. In each task, you and your co-participant on that task must choose
between two options. The points you earn in each round will depend on what you, Participant 2 and Participant 3
independently decide for your respective tasks. The two tasks are independent: The points you earn in either task do not
depend on the decisions made in the other. In the beginning of each round, you and the other two participants receive an
endowment of 2 points in task A and 2 points in task B.

Below you can see the two options that you and Participant 2 Below you can see the two options that that you and

can choose from in Task A in each round. Participant 3 can choose from in Task B in each round.
Task A: Task B:
* You lose 2 pts for Participant 2 to receive 4 pts * You lose 2 pts for Participant 3 to receive 3 pts
* You lose 0 pts for Participant 2 to receive 0 pts * You lose 0 pts for Participant 3 to receive 0 pts
Participant 2 faces exactly the same Task A with you as Participant 3 faces exactly the same Task B with you as
the recipient. You and Participant 2 have to choose the recipient. You and Participant 3 have to choose
simultaneously between these two options. simultaneously between these two options.

Note that, while Participant 2 and Participant 3 interact with you in Tasks A and B, they both also simultaneously interact
with another Participant (but not with each other) in a similar task. That is, each of you is engaged in two tasks
simultaneously at all times.

The session will last for multiple rounds. There will be at least 20 rounds. After the 20th round, there will be a 50% chance of
another round. After that round, there will again be a 50% chance of another round, and after that round, there will again be
another 50% chance of another round, and so on until the tasks end.

You and the other participants are both endowed with 80 points at the start of the game (2 points for Task A and 2 points for
Task B, for each of the 20 rounds). For any additional round that may occur after the 20th round, you receive an additional
endowment of 2 points for Task A and 2 points for Task B.

Please answer the following questions to continue:

In Task A, what amount will you receive from Participant 2 if they choose to pay 2 pts:
© You will earn 0 pts.
© You will earn 2 pts.

© You will earn 4 pts.

What are the chances that there will be another round after the 20th round?
O 10%
© 50%
© 100%

What are the chances that there will be another round after the 21th round?
O 10%
© 50%
© 100%

Next



Example

Recall the options for Task A and Task B:

Task A:
(played with Participant 2)

» You lose 2 pts for Participant 2 to receive 4 pts.
* You lose 0 pts for Participant 2 to receive 0 pts.

Example

Consider a scenario where Participant 1 and Participant 2
made the following decisions:

Task A:
(played with Participant 2)

Participant 1 chose:
» to lose 2 pts for Participant 2 to receive 4 pts
Participant 2 chose:

» to lose O pts for Participant 1 to receive 0 pts

Participant 1's points in this round: -2 + 0 = -2

Participant 2's points inthisround: 0 + 4= 4

Task B:
(played with Participant 3)

* You lose 2 pts for Participant 3 to receive 3 pts.
* You lose 0 pts for Participant 3 to receive 0 pts.

Consider a scenario where Participant 1 and Participant 3
made the following decisions:

Task B:
(played with Participant 3)

Participant 1 chose:
« to lose 2 pts for Participant 3 to receive 3 pts
Participant 3 chose:

« to lose 2 pts for Participant 1 to receive 3 pts

Participant 1's points in this round: -2 + 3 =1

Participant 3's points in this round: -2 + 3 =1

In total across both tasks, Participant 1 earned -1 pts.

Please answer the following questions to continue:

Across both tasks, how many points did Participant 1 earn in total?

@ -1 points
© 1 points
© 5 points

In Task A, how many points did Participant 2 earn?
© 0 points
© 2 points

@ 4 points

In Task B, how many points did Participant 3 earn?
O -2 points
® 1 points

O 3 points

Next



Wait Page

Please wait until two other participants are ready to interact with you in this study.

You will wait a maximum of 7 minutes. If no other participants arrive during this time, you will be redirected to the main page
and paid for your time.

YOU MUST STAY ON THIS PAGE AND BE READY TO PARTICIPATE Thank you!




Round Decision

In the previous round:

Task A:
(played with Participant 2)

You chose:

to pay 2 pts for Participant 2 to receive 4 pts.

Participant 2 chose:

to pay 2 pts for you to receive 4 pts.

In this round:

Task B:
(played with Participant 3)

You chose:
to pay 2 pts for Participant 3 to receive 3 pts.
Participant 3 chose:

to pay 0 pts for you to receive 0 pts

Below are your two options for Task A and Task B, respectively. You need to make a choice in each task to continue.

Task A:
(played with Participant 2)

@ You lose 2 pts for Participant 2 to receive 4 pts.

O You pay 0 pts for Participant 2 to receive 0 pts.

Task B:
(played with Participant 3)

O You lose 2 pts for Participant 3 to receive 3 pts.

@) You pay 0 pts for Participant 3 to receive 0 pts.

Next



Wait Page

Please wait while the other participants make their decision.

If the waiting time is longer than 5 minutes the study will assume the other player dropped out. If this happens you'll be
notified and paid a small bonus for your time.

Please don't leave before you are notified to.




Round Results

Task A:
(played with Participant 2)

You chose:

» to lose 2 pts for Participant 2 to receive 4 pts.

Participant 2 chose:

« to lose 2 pts for you to receive 4 pts.

Your points in thisround: -2 + 4 = 2

Task B:
(played with Participant 3)

You chose:

« to lose O pts for Participant 3 to receive O pts.

Participant 3 chose:

« to lose O pts for you to receive 0 pts.

Your points in thisround: 0+ 0 =0

Next



Final results

Task A: Task B:
Round My outcome Opponent's outcome Round My outcome Opponent's outcome
1 4 pts 4 pts 1 0 pts 5 pts
2 4 pts 4 pts 2 3 pts 3 pts
3 4 pts 4 pts 3 3 pts 3 pts
4 4 pts 4 pts 4 3 pts 3 pts
5 4 pts 4 pts 5 3 pts 3 pts
6 4 pts 4 pts 6 3 pts 3 pts
7 4 pts 4 pts 7 3 pts 3 pts
8 4 pts 4 pts 8 3 pts 3 pts
9 4 pts 4 pts 9 3 pts 3 pts
10 4 pts 4 pts 10 3 pts 3 pts
1 4 pts 4 pts 1 3 pts 3 pts
12 4 pts 4 pts 12 3 pts 3 pts
13 4 pts 4 pts 13 3 pts 3 pts
14 4 pts 4 pts 14 3 pts 3 pts
15 4 pts 4 pts 15 3 pts 3 pts
16 4 pts 4 pts 16 3 pts 3 pts
17 4 pts 4 pts 17 3 pts 3 pts
18 4 pts 4 pts 18 3 pts 3 pts
19 4 pts 4 pts 19 3 pts 3 pts
20 4 pts 4 pts 20 3 pts 3 pts
21 4 pts 4 pts 21 3 pts 3 pts
22 4 pts 4 pts 22 3 pts 3 pts
In Task A, across all rounds, you earned a total of 88 points. In Task B, across all rounds, you earned a total of 63 points.
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Demographic Questions

Please answer the following questions. These are used for demographic purposes only. This information will not be associated

with your name. You remain anonymous to all the other players and the experimenters.

What is your age?

What gender do you identify as?
O Female
O Male
O Other

What is the total combined income of your household?
O £9.999 or below
O £10.000 - £29.999
O £30.000 - £49.999
O £50.000 - £69.999
O £70.000 - £89.999
O £90.000 or over

O Prefer not to say

What is the highest level of education you have completed?
O No formal education
O GCSE or equivalent
O A-Levels or equivalent
O Vocational training
O Undergraduate degree
O Postgraduate degree

O Prefer not to say

What is your ethnicity?
O Asian/Asian British
O Black/African/Caribbean/Black British
O Mixed/Multiple Ethnic groups
O White
O Other

Next



Quick Survey

We appreciate feedback. If you have any comments on the implementation of this study, or on the user interface, please
write it down below.

Next



The End of the Study

The study is now over. Thank you for participating! Below is your total score and the money you earned.

Total points earned in all rounds across both tasks
Conversion rate

Total of the bonus in GBP

Participation payment

Final Payment to you (participation payment + bonus)

You can now close your browser.

88 + 68 = 156
15pts = £0.20
£2.08
£3.00

£5.08

You will be paid directly into your student bank account by the University of Exeter Finance Department. Please ensure your

bank account details are up to date in your SRS account. Payment usually takes 1 to 2 weeks to come through.
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