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Abstract
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of computational Q-learning and human-player experiments, we find
that our Q-learning algorithms tend to cooperate less than humans,
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1 Introduction

Despite cooperation often increasing welfare, incentivizing agents to coop-

erate may be difficult. The prisoner’s dilemma distills the essential incen-

tives and rewards of such social dilemmas: The Pareto-efficient outcome is

supported by dominated strategies, so each individual has a strong incen-

tive to free-ride on the other player. Theoretically, it is well understood

that the possibility of future interaction, or repetition, is essential for estab-

lishing cooperation among self-interested players: Future encounters can be

used to incentivize compliance through the threat of punishment. However,

as there are myriad equilibria for sufficiently high discount factors and un-

cooperative equilibria persist, it becomes an empirical exercise to study

how the repeated prisoner’s dilemma is played. The vast experimental lit-

erature (see our literature review below) has addressed the determinants,

forms, and levels of cooperation for human players.

In this paper, we study whether Q-learning1 algorithms or humans

achieve higher cooperation rates in the repeated prisoner’s dilemma and

how they differ in implementing cooperation (strategy choice). Contrast-

ing the levels of cooperation is useful because, without a human bench-

mark, any statements about the cooperative potential of algorithms are

of limited value. Moreover, comparing strategies between algorithms and

humans helps clarify when human and algorithmic behavior look alike and

when they diverge. In our computational experiments, we place the al-

gorithms into the same economic environments implemented in laboratory

experiments and analyze their behavior with the tools used to study human

behavior (see also Dal Bó and Fréchette, 2018). As with humans, we are

interested in the determinants, forms, and levels of cooperation. In each

of these dimensions, we draw on the experimental literature to understand

the similarities and differences between algorithms and humans.

Our starting point is the finding by Calvano et al. (2020a) and Klein

(2021) that reinforcement learning algorithms learn to collude in repeated

1Q-learning (Watkins and Dayan, 1992) is a form of reinforcement learning and
widely studied in economics (Johnson et al., 2023, Asker et al., 2024). The principles of
Q-learning are at the core of most of the more advanced (deep) reinforcement learning
algorithms used in the field. For example, Deep Q-Networks (DQN) and Double Q-
Learning extend its simple but effective value estimation process.

2



pricing games. Since collusion is a form of cooperation where punishment

is used to deter deviations, and humans are also known to be capable of

collusion, we investigate whether such algorithms cooperate more or less

than human actors and whether the punishment strategies differ. To this

end, we study Q-learning agents with a similar algorithm specification as

Calvano et al. (2020a) and Klein (2021). With the prisoner’s dilemma, we

use a stage game with considerably fewer actions than a standard pric-

ing game, allowing us to analyze the adopted punishment strategies. Our

two main treatment variables are the reward for mutual cooperation (three

different levels) and the discount factor (four different values). In addi-

tion, Q-learning has three hard-coded hyperparameters: memory, learning

rate, and exploration rate.2 We adopt the baseline hyperparameters from

Calvano et al. (2020a). Although we vary them in robustness analyses,

we do not treat them as primary treatment variables because they either

lack a clear economic interpretation or are not pre-specified for human sub-

jects. Following Calvano et al. (2020a), our main specification uses partner

matching, where the same pair of algorithms interacts throughout training;

in Section 7, we explore stranger matching, where algorithms are rematched

across supergames within a group.

Besides the computational experiments, we run human-player labora-

tory experiments to collect data for previously unexplored parameter com-

binations. These results are of independent interest.

Our first finding is that humans tend to cooperate more on average than

the Q-learning reinforcement algorithms. With the baseline hyperparame-

ters, humans cooperate strictly more in all of our twelve treatments, and

significantly so in eight of them. In particular, algorithms never cooper-

ate for low discount factors and reward parameters, while humans achieve

low but positive cooperation rates. Hence, humans cooperate significantly

more in environments where cooperation is very risky or not incentive-

compatible. However, the comparison becomes ambiguous for algorithms

that are programmed to be more exploratory (in the sense of randomly try-

2Memory specifies how many previous rounds of play inform the algorithm’s action
choice. The learning rate governs how strongly recent payoff feedback updates the
algorithm’s value estimates. The exploration rate controls how frequently the algorithm
deviates from its currently preferred action to try alternatives. All three are formally
defined in Section 3.2.2.
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ing more actions). Humans cooperate even more than algorithms for low

and intermediate reward parameters and discount factors, but algorithms

cooperate more when both the discount factor and the reward parameter

are very high. It remains an open question whether these differences reflect

an intrinsic property of tabular Q-learning or whether alternative design

choices (e.g., different state representations or matching protocols) could

close the gap.

Our main finding is that humans and Q-learning algorithms adopt dif-

ferent strategies to sustain and punish cooperation (given parameter combi-

nations for which both humans and algorithms frequently cooperate). Dal

Bó and Fréchette (2018) show that the most frequent cooperative strategies

are tit-for-tat and grim trigger in human-player experiments. Strategies

from these families are also adopted by human players in our experiments.

While we find that algorithms also play tit-for-tat, they hardly ever se-

lect the grim trigger strategy under partner matching. Instead, algorithms

play win-stay-lose-shift (Nowak and Sigmund, 1993), a strategy only rarely

played by humans, and a hitherto undocumented strategy that cooperates

if and only if both players defected in the previous round. Both algorithms

playing this strategy leads to cycles, so cooperation is observed in only half

of the rounds. We call this strategy win-shift-lose-shift. However, these

strategy findings are sensitive to the matching protocol: under stranger

matching with larger groups, win-shift-lose-shift disappears and grim trig-

ger becomes prevalent among algorithms (see Section 7).

Related literature. The first strand of the literature we relate to studies

human behavior in the indefinitely repeated prisoner’s dilemma. Early lab-

oratory experiments with human participants were conducted by Roth and

Murnighan (1978). Dal Bó (2005) first implemented several supergames in

the lab, each indefinitely repeated. The meta-study of Dal Bó and Fréchette

(2018) summarizes the subsequent literature. Throughout the paper, we

draw upon the insights and methods of this literature, such as Fudenberg

et al. (2012) and Romero and Rosokha (2018), and structure the analysis

similar to Dal Bó and Fréchette (2018).

The second related literature is the one on reinforcement learning algo-

rithms in economics, which has so far largely focused on cooperation in the
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sense of (socially undesirable) anti-competitive collusion in oligopoly games.

Following an early study by Waltman and Kaymak (2008), Calvano et al.

(2020a) and Klein (2021) show in simulation studies that Q-learning algo-

rithms often learn to play collusive prices on-path and that average prices

drop after a deviation and gradually increase again. However, it is difficult

to describe the algorithms’ strategies due to the relatively complex stage

games, let alone how the distribution of strategies depends on the game pa-

rameters. In contrast, we analyze the repeated prisoner’s dilemma (which

can be seen as a pricing game with two stage-game actions). This allows us

to get a more complete understanding of on-path and off-path behavior of

Q-learning agents, using the strategy frequency estimation method (SFEM)

by Dal Bó and Fréchette (2011). Moreover, our setting allows us to draw

upon a rich set of experimental studies to compare human with algorithmic

behavior.3 Another difference is that while Calvano et al. (2020a) study

the impact of many variables on the algorithms’ propensity to collude,

they do so with one variable at a time. In contrast, we explore treatment

variation both in terms of parameters of the environment, as well as the

hyperparameters of the Q-learning algorithm.

Schaefer (2022) and Boczoń et al. (2024a) also examine the determi-

nants of cooperation among Q-learning algorithms in the repeated pris-

oner’s dilemma. Schaefer (2022) calibrates a heuristic measure called the

“kinetic log ratio” to explain the cooperation propensity. Boczoń et al.

(2024a) test equilibrium selection focusing on the size of the basin of at-

traction of always defect and the effect of strategic uncertainty, using Q-

learning agents with two internal states. In contrast, we compare cooper-

ation rates and strategies between humans and Q-learning agents and also

explicitly vary the memory length of the algorithms. Barfuss and Meylahn

(2022) investigate the relevance of noise in sustaining cooperative outcomes

for reinforcement learning algorithms. We add to this literature not only

the systematic analysis of the determinants of cooperation but also of the

strategies played by algorithms.

There are several additional approaches to studying the potential for

3While this study focuses on the algorithms themselves, simpler forms of reinforce-
ment learning have been used to describe human learning in games (see, for instance
Roth and Erev, 1995, Romero and Rosokha, 2019). Unlike Q-learning, these models are
often myopic with limited foresight.
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cooperation and learning strategies that contribute to cooperation. Hanaki

et al. (2005) endogenize initial attractions in an adaptive model of strat-

egy learning. Ioannou and Romero (2014) develop a methodology of belief

learning, which is, among others, applied to the prisoner’s dilemma we

study as well. Romero and Rosokha (2019) show how reinforcement learn-

ing algorithms can be extended to continuous action spaces. While these

papers also find that learning algorithms may achieve cooperation, they do

not consider Q-learning in the form commonly used in the computer science

literature. Their motivation lies instead in modeling human behavior and

learning processes.

The computer science literature that studies artificial intelligence in

strategic situations often prioritizes algorithmic performance in various

games (Crandall and Goodrich, 2011, Crandall et al., 2018). Unlike these

studies, we analyze a fundamental reinforcement learning algorithm, and

apply tools from game theory and experimental economics to describe its

behavior.4 This approach sets our work apart from studies like that of

Sandholm and Crites (1996), which focused solely on the performance of

Q-learning in the prisoner’s dilemma without considering variations in en-

vironmental parameters or employing the economic tools we use to under-

stand behavior.

Related to our paper are the experiments on the interaction of humans

and algorithms (Crandall et al., 2018). While their focus is on design-

ing algorithms that successfully cooperate with humans, we study how Q-

learning algorithms behave in a repeated prisoner’s dilemma and compare

their behavior directly to that of human subjects. Normann and Sternberg

(2023) analyze a prisoner’s dilemma experiment with three players where

one of the players may or may not be a pre-programmed algorithm. In

a market environment, Werner (2022) conducts lab experiments in which

humans either play with other humans or against self-learned pricing algo-

rithms. He finds that algorithms can be more collusive than humans. In

4The interaction and training of algorithms are closely connected to the environ-
ments examined in evolutionary game theory. For instance, Zhang (2018) demonstrates
that errors can foster cooperation in finite populations. In Zhang (2018), players choose
strategies (finite automata) to play the indefinitely repeated prisoner’s dilemmas, and
he shows that the WSLS strategy remains stable only under low levels of noise. Strate-
gies such as the grim trigger and tit-for-tat appear to play a less central role than they
typically do in the experimental literature.
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Table 1: Stage game payoffs

C D
C R,R 12, 50
D 50, 12 25, 25

contrast, we compare human-human with machine-machine interactions.

2 Economic environment and hypotheses

This section introduces the game, the types of strategies that we analyze,

and formulates the research questions.

2.1 Game, memory and strategies

We study the infinitely repeated two-player prisoner’s dilemma with per-

fect monitoring. There are two players who repeatedly play the stage game

prisoner’s dilemma and discount future payoffs with the common discount

factor δ. In the stage game, each player either cooperates (C) or defects

(D). The payoffs are in Table 1. R denotes the reward for mutual cooper-

ation. The prisoner’s dilemma arises when D is strictly dominant, (D,D)

the unique stage-game Nash equilibrium, and (C,C) Pareto-efficient. We

consider reward parameters that satisfy 31 < R < 50, which also imply

that mutual cooperation is Pareto-efficient in the repeated game.

We restrict attention to finite-memory strategies of the infinitely re-

peated prisoner’s dilemma. This stands in contrast to the theoretical text-

book treatment of repeated games with perfect monitoring, where players

can condition their actions on the entire history of past play. However, as

arbitrarily long histories require unbounded memory, such strategies cannot

be implemented by finite algorithms in general and Q-learning in particu-

lar. Thus, we consider Markov strategies where the states are the action

profiles of the past k rounds; k ∈ N is each player’s memory. For example,

a memory-one strategy specifies behavior for the four states CC, CD, DC,

and DD. Throughout, we use the first letter to indicate player 1’s action

in a specific state, e.g., player 1 played C and player 2 played D in the

previous round in state CD. For the analysis of laboratory experiments,

Fudenberg et al. (2012) suggest 20 plausible strategies, which are at most
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memory-three. The results in Dal Bó and Fréchette (2019) imply that par-

ticipants only use a few strategies, and these are up to memory two. Thus,

the restriction to low levels of memory does not seem overly restrictive in

comparison to human actors.

The following low-memory strategies are particularly relevant in our

context. The first is ‘always defect’ (AllD), which prescribes playing D,

the strictly dominant stage-game action in any round. (AllD, AllD) always

forms a subgame perfect Nash equilibrium (SPNE). ‘Always cooperate’

(AllC) prescribes playing C regardless of the previous round’s outcome and

is never an SPNE. These strategies do not show any reward and punishment

behavior and can be implemented with zero memory. In contrast to AllC

and AllD, ‘Tit-For-Tat’ (TFT) is reciprocal and cooperative: TFT begins

with C in period one and mimics the rival’s action subsequently. TFT has

a minimal memory of one and (TFT, TFT) is generically not an SPNE. A

strategy with punishment that potentially forms an SPNE is ‘grim trigger’

(GT): A player starts by cooperating but defects whenever either player

played D in the previous round. This version of GT requires a minimal

memory of one. More forgiving than GT is the strategy ‘win-stay, lose-

shift’ (WSLS, sometimes also referred to as ‘perfect TFT;’ Nowak and

Sigmund, 1993). A player following WSLS starts with cooperation and then

cooperates if and only if both players chose the same action in the previous

round, which makes it a memory-one strategy. (WSLS, WSLS) can be an

SPNE, and, unlike TFT and GT, can correct erroneous defections.

We also consider strategies that condition on the action profiles of the

past k > 1 rounds. For example, a trigger strategy that punishes for two

rounds regardless of the actions during the punishment rounds (T2) is a

memory-2 strategy. There are also memory-2 versions of TFT and WSLS,

such as TF2T (cooperate unless the opponent defected in both of the last

two rounds), and WSLS with two rounds of punishment. Similar extensions

are possible for memory three, such as T3 and TF3T.

2.2 Research questions and hypotheses

Our hypothesis and exploratory questions are organized in two sets: first,

the determinants of algorithmic cooperation, and then the comparison with
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humans. Two key economic variables in our repeated prisoner’s dilemma

are the discount factor δ and the payoff of mutual cooperation R. The

experimental literature has shown that cooperation among humans can be

expected to increase in both parameters (Dal Bó and Fréchette, 2018). A

higher discount factor δ increases the probability of future interactions and

makes cooperation more attractive compared to short-run gains from defec-

tion. A larger reward payoff generally makes cooperation more attractive.

We expect the same comparative statics to hold for algorithms.5

Hypothesis 1. The cooperation rate among Q-learning algorithms in-

creases in R and δ.

Calvano et al. (2020a) find a non-monotone relationship between δ and

collusion (cooperation) in their repeated differentiated Bertrand game. The

relationship is positive for relatively high δ, however. Due to the different

games, they cannot study variation in R and, therefore, not the interac-

tion between R and δ. Online appendix S.3 contains additional hypotheses

related to the determinants of cooperation that are inspired by the exper-

imental literature.

Our first exploratory question relates to the levels of cooperation of

algorithms and humans. Humans are able to sustain cooperation in lab

experiments (Dal Bó and Fréchette, 2018) and reinforcement learning algo-

rithms learn to cooperate (collude) in pricing games (Calvano et al., 2020a).

We are interested in comparing the respective levels of cooperation.

Exploratory Question 1. When are algorithms more or less cooperative

than humans, and how does the comparison depend on the game parameters

δ and R and on the hyperparameters of the algorithm?

Our second exploratory question relates to the forms of cooperation. In

laboratory experiments, humans mostly play the strategies always defect,

tit-for-tat and grim trigger (Dal Bó and Fréchette, 2011, Fudenberg et al.,

2012, Bigoni et al., 2015). How do algorithms cooperate on path and how

do they punish deviations off path?

5The discount factor δ of an infinitely repeated game is typically represented through
a random termination probability 1 − δ in an indefinitely repeated game with human
subjects in the laboratory, which are strategically equivalent under risk neutrality. The
parameter is identically represented in Q-learning through the formulation of the Bell-
man equation, and hence the way it is used to update the Q-matrix in each iteration.
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Exploratory Question 2. Which strategies do algorithms learn, and how

do the strategies depend on the game parameters δ and R, and on the

hyperparameters of the algorithm?

3 Experimental Design

Our experiment compares prisoner’s dilemmas in which both players are

either Q-learning algorithms or humans. Before we describe the compu-

tational and human-player designs, we discuss the treatments of the game

parameters δ and R.

3.1 Treatments

Our choice of game parameters is guided by two considerations: cover-

ing theoretically meaningful variation in the scope for cooperation, and

enabling direct comparison with existing human experimental data.

We study a 3 × 4 design. We consider R ∈ {32, 40, 48} and δ ∈
{0.50, 0.75, 0.90, 0.95}, motivated by configurations also used in Dal Bó and

Fréchette (2011), Ghidoni and Suetens (2022), and Romero and Rosokha

(2018). The variants with δ = 0.95 are particularly relevant to compare

with the parameterization used in Calvano et al. (2020a), Klein (2021),

and other studies using algorithmic simulations. In human experiments,

a discount factor of δ = 0.95 (and indeed δ = 0.9) has only been studied

for R = 32; see Table S.2 in the online appendix. By adding the variants

R = 40 and R = 48 with the discount factors δ = 0.9 and δ = 0.95, our

study adds to the literature on human cooperation independently of the

algorithmic simulations.

From a theoretical perspective, collusion can be credibly sustained (as

an SPNE) unless δ = 0.5 and R = 32. Hence, “rational” players cooperate

only if δ or R take higher values.6 Increasing δ or R decreases the size of the

basin of attraction of always defect (“sizeBAD”), which has been used as a

measure of how robust cooperation is to strategic uncertainty (Dal Bó and

6Q-learning can lead to cooperative outcomes even in the absence of memory, in
which case DD is the unique equilibrium profile (Asker et al., 2024, Banchio and Man-
tegazza, 2022, Dolgopolov, 2024). Hence, Q-learning is known to not always lead to
“rational” outcomes.
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Fréchette, 2011, Boczoń et al., 2024b).7 SizeBAD has been used to explain

why cooperation might increase in δ and R. Dal Bó and Fréchette (2018)

find that human cooperation rates decrease in the size of the basin of AllD

across experiments. A robust finding of the experimental literature is that

cooperation is more likely when it can be supported as a (risk-dominant)

equilibrium (Blonski et al., 2011).

3.2 The algorithmic Q-learning experiments

We introduce the Q-learning algorithms, for ease of exposition, only for

memory one; the general case is in the online appendix. We then describe

our computational implementation in detail.

3.2.1 The reinforcement learning algorithm

The decision-making process of a tabular Q-learning player is represented

by a Q-matrix. The dimension of this Q-matrix depends on the player’s

memory, that is, how many past periods the player considers for the decision

in the given period, and the number of possible actions. With memory

one, the Q-matrix has four rows (one row for each state) and two columns

(one for each action). The entries Q(s, a) of the Q-matrix are the current

approximations of the expected discounted utilities when choosing action a

in state s. The players use their Q-matrices to choose actions and update

their approximations of the long-run payoffs. For a given Q-matrix, the

optimal strategy assigns to each state the action with the highest value.

Q-learning starts with some initial Q-matrix. At time t in state s, player

i chooses the optimal (“greedy”) action with probability 1− εt; the player

exploits their knowledge as encoded in the Q-matrix. With complementary

probability, the player explores other, possibly suboptimal, actions and

chooses an action uniformly at random. This form of random exploration

aims at balancing a trade-off for the algorithm. On the one hand, the player

wants to exploit the knowledge it already has in the form of the Q-matrix.

7To define the basin of attraction of always defect, consider a hypothetical coordi-
nation game in which the players choose between the repeated-game strategies GT and
AllD. In this game, the players believe that the opponent plays GT with probability p
and AllD with probability 1− p. The basin of attraction of AllD is then defined as the
maximum p that makes it still optimal for a player to play AllD.
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On the other hand, the player has to explore the state space to improve

the approximation of the profitability of other state-action combinations.

Irrespective of whether the action a was chosen through exploitation

or exploration, the player obtains feedback through the stage-game payoff

π(s, a) ∈ {12, 25, R, 50} that is observed after both players’ actions are

realized. The player uses the payoff feedback in round t to update the

estimate of the long-run payoff of choosing action a in state s according to

Qt+1(s, a) = (1− α) Qt(s, a)︸ ︷︷ ︸
old value

+α
(
π(s, a)︸ ︷︷ ︸
current
payoff

+ δ max
a′∈{C,D}

Qt(s
′, a′)︸ ︷︷ ︸

estimated
long-run payoff

)
.

The new value is a convex combination of the old value, and the current

stage-game payoff π plus the best possible estimated long-run payoff in the

next state s′. The weight put on the latter payoff is denoted by α and

referred to as the learning rate. The next state s′ is given by the actions

from all players over the past k periods, which are commonly observable,

including period t. Only after all players have chosen their actions, we

calculate the payoffs from the current round, construct the continuation

state, and update the Q-matrices. Importantly, each player updates only

a single cell in each period.8

Besides the learning rate α, a key parameter is the exploration prob-

ability εt. Following common practice in the literature (e.g., Calvano et

al., 2020a), we choose ε to decay over time; specifically, εt = e−βt, where

β > 0. The updating procedure in Q-learning also crucially depends on

the discount factor δ, which we vary across treatments. While δ is given by

8The literature distinguishes between synchronous and asynchronous algorithms
(Asker et al., 2024). Following Calvano et al. (2020a), we study asynchronous Q-learning
where a single Q-value is updated in each period. Synchronous learning, on the other
hand, would also update the Q-values associated with non-chosen actions. Asker et al.
(2024) find that prices quickly converge to the static Nash equilibrium in a homogeneous
pricing game with synchronous learning, whereas supracompetitive prices are observed
for asynchronous algorithms. The analysis of Banchio and Mantegazza (2022) reveals
the forces behind some of these results. They apply continuous-time methods and find
that spontaneous coupling between the estimates of the algorithms leads to periodic co-
ordination on cooperative actions. They derive a sufficient condition for such coupling
not to occur. Similarly, Boczoń et al. (2024a) find that cooperation rates are higher for
asynchronous algorithms in their repeated prisoner’s dilemma. Therefore, our results
primarily apply to asynchronous learning algorithms.
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the environment that the algorithm is acting in, α and β are hyperparam-

eters. They are not learned by the algorithm and not optimized over, but

exogenously given by the researcher.9 Another important parameter is ν,

which is implied by β, and memory k. It denotes the expected number of

times a cell in the Q-matrix is explored purely by randomness, disregarding

optimality (Calvano et al., 2020a). The interest in this parameter stems

from the fact that for a fixed β, the probability that a cell is visited by

chance through exploration is smaller in larger state spaces (and hence for

higher memory k). In our experiment, we keep ν constant across k to at

least partially control for this interaction. Online appendix S.5 contains

the formula of ν (Equation 5).

3.2.2 Details on the computation experiments

In our AI-based experiment, we distinguish for each run (parameterization)

the training stage and the playing stage, as illustrated in Figure 1. In the

training stage, two Q-learning algorithms repeatedly play the stage game

in Table 1 and adjust their strategies according to the common discount

factor δ, the learning rate α, and the exploration parameter β. The algo-

rithms explore non-greedy actions with exogenous probability, where the

probability decreases exponentially in time and according to the param-

eter β. The training ends when neither algorithm changes the policy in

any state for 108 rounds, or after a total number of 109 rounds.10 In the

subsequent playing stage, lasting 1,000 periods, the two agents stay the

same as before and the algorithms’ initial actions are the optimal actions

in the round of convergence, implying that the playing stage is a seamless

continuation from training. After that, they play according to the learned

strategies and no longer adjust the Q-values. Throughout the paper, we

focus on the strategies learned upon convergence and deliberately abstract

from the path toward convergence, as well as the strategies and payoffs

9This specification enables the most direct comparison with human subjects. Har-
rington (2022) and Abada et al. (2022) study unilateral incentives to use or improve
algorithms.

10The necessity for such a tight convergence criterion arises in the context of k = 3
and ν = 1, 000, which features a large state space and substantial initial exploration
that slows convergence times. In order to allow comparability across parameterizations,
we use the same convergence criterion throughout.
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along that path. As such, our results describe the behavior of fully trained

algorithms and do not speak to the transient dynamics during learning.

Figure 1: Simulation outline.

Initialization Convergence

Training stage︷ ︸︸ ︷ Playing stage︷ ︸︸ ︷
Note: For each simulation, two new agents are initialized randomly. During the

training stage, agents learn strategies as specified by the Q-learning algorithm.

We evaluate cooperation rates and strategies upon convergence, i.e., in the

playing stage. Agent pairs remain the same during the training and playing

stage, and a new set of agents is initialized for each simulation. The entire

simulation procedure is repeated 1,000 times for each parameterization.

We vary the hyperparameters in three-dimensional space with cardi-

nality 3 × 5 × 5. In the first dimension, memory k is either one, two, or

three.11 To account for the fact that a smaller β is needed to explore the

state space sufficiently often in larger state spaces, we choose β as a func-

tion of memory. In particular, we choose β(k) to keep ν constant for all

k. We have ν ∈ {4, 20, 100, 450, 1000} in the second treatment dimension

and α ∈ {0.05, 0.10, 0.15, 0.20, 0.25} in the third.12 For each parameteri-

zation, we repeat 1,000 runs with a different random seed. In our main

specification, we initialize the Q-matrix by adding a uniform random draw

from the unit interval to 6/(1− δ). We show that our main results are ro-

bust to different initializations of the Q-matrix in Section S.4 in the online

appendix.

11A memory length of up to k = 3 improves upon the existing economics literature.
We cannot accommodate even higher memory due to the exponentially growing state
space. Hettich (2021) demonstrates that algorithms using function approximation tech-
niques like neural networks to represent the Q-matrix produce comparable outcomes
to Calvano et al. (2020a). Given the simplicity of the action and state space in our
environment, employing a tabular Q-learning algorithm with expanded memory is likely
to cover most algorithmic behaviors.

12For comparison, Calvano et al. (2020a) focus on memory one and consider several
values for β such that the implied ν is in [4, 450]. However, most of their analysis focuses
on the case where ν ≈ 20, which will also be our main specification. The precise values
we use in our baseline experiments and robustness checks are shown in Tables S.25 and
S.26 in the online appendix.
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3.3 The human lab experiments

The experiments involving human participants were run as standard lab ex-

periments. The experimental design and instructions were identical to Dal

Bó and Fréchette (2011), Romero and Rosokha (2018), Kartal and Müller

(2021), and Ghidoni and Suetens (2022). In order to compare algorithmic

cooperation with human cooperation for each treatment cell, we conduct

the treatments R = 40 and R = 48 with the discount factors δ = 0.9 and

δ = 0.95 as lab experiments. For the other treatments, ample lab data

already exist (see Table S.2 in the online appendix for a complete list of

experimental data from other studies that we use in this paper).

The experiments took place at the DICElab of the University of Düsseldorf

and the PLEx at the University of Potsdam between December 2022 and

May 2023. Subjects were recruited from the labs’ subject pools using hroot

(Bock et al., 2014). Upon arrival at the lab, participants randomly drew

a token, assigning them a cubicle number. Printed instructions were dis-

tributed and summarized verbally. Participants were also given the oppor-

tunity to ask questions individually and privately. We ensured complete

anonymity.

Subjects played several supergames. We aimed at a maximum of 15

supergames in each session unless the (pre-announced) time limit of two

hours was exceeded. In that case, the supergame that was started before

the two hours were up was the final supergame. The matching was fixed

within a supergame, but random when a new supergame started. Sessions

were conducted with twenty or thirty participants. The random matching

across supergames was done within groups of ten subjects.

We pre-registered the human experiments and the hypotheses pertinent

to human behavior at https://osf.io/zcv6x/, and we executed the exper-

iments as registered. We had a total of 240 participants. Participants

earned 22.54 euros on average.

4 Humans tend to cooperate more than algorithms

This section investigates whether humans or algorithms are more coopera-

tive on average, and how the comparison depends on the game parameters
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δ and R and on the algorithms’ exploration. Throughout, the baseline

specification involves k = 1, α = 0.15, and ν = 20, as in Calvano et al.

(2020a). Section 6 reports cooperation rates beyond the baseline setup.

Figure 2 reports the average cooperation rates of algorithms and humans

for each δ–R treatment. Figure 2a focuses on the algorithm’s cooperation

rate, which is the average over 1,000 periods after the algorithms’ conver-

gence, as explained in Section 3. Cooperation is far from dominant, let

alone perfect: Even for high combinations of δ and R, cooperation rates do

not exceed 60%. Algorithmic cooperation increases monotonically and sub-

stantially in both δ and R, with one exception: For R = 48, the shift from

δ = 0.9 to δ = 0.95 leads to a decrease in cooperation (two-sided Mann-

Whitney-U-test p-value < 0.001).13 We will return to the non-monotonicity

when we examine the learned strategies. Despite the non-monotonicity in

δ for high values of R, we take the following result from Figure 2a, which

is consistent with Hypothesis 1. (We investigate the dependence of the

algorithms’ cooperation rate on the game and hyperparameters more sys-

tematically in Section 6.)

Result 1. The average cooperation rate among Q-learning algorithms in-

creases in R and δ.

Figure 2b shows the human cooperation rates across all rounds and su-

pergames from the laboratory experiments.14 The figure includes previous

experiments with all δ ≤ 0.75 or R = 32 treatments, and our experiments

with R ≥ 40 and δ ≥ 0.90; cooperation is relatively high for these δ–R

treatments. In general, human cooperation is visibly higher than that of

algorithms. There is non-zero cooperation in all treatments and the co-

operation rates go up to 90%. While the cooperation rate increases in

δ and R, humans interestingly exhibit the same non-monotonicity in the

cooperation rate for R = 48 as δ increases from 0.9 to 0.95.

13We use a nonparametric rank sum test here and elsewhere because the normality
assumption required to use the t-test is violated for the human data. Additionally, we
conducted a skewness test for normality of algorithmic data (D’agostino et al., 1990);
normality is rejected (p-value < 0.001) for 11 out of 12 parameterizations in the baseline
setting.

14A detailed list of sources used for these calculations is provided in Table S.2 in the
online appendix, and analysis across supergames is provided in Table S.28.
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(a) Algorithmic cooperation rates
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(b) Human cooperation rates
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Figure 2: Cooperation rates by δ–R treatment.
Note: The figure reports the algorithmic cooperation rates for the baseline
parameters k = 1, α = 0.15, ν = 20, computed over 1,000 periods after conver-
gence. An observation is one simulation for algorithms (1,000 per parameteri-
zation), and a matching group for human experiments (between 6 and 11 per
parameterization). The numerical values are in the online appendix in Table
S.3 and Table S.4, respectively. 17



Figure 2 suggests that humans cooperate more on average than algo-

rithms. For the baseline parameterization (α = 0.15, ν = 20, k = 1),

Table 2 formalizes the relationship by testing the statistical significance

of the different cooperation rates with a two-sided Mann-Whitney-U-test.

We find that humans cooperate more in all treatments, although the differ-

ence is not always statistically significant. A second insight is that humans

cooperate to some extent where the algorithm entirely fails to choose C,

namely when δ = 0.5 and in treatment (δ = 0.75, R = 32). The difference is

relatively minor in treatment (δ = 0.50, R = 32) as humans also cooperate

little in this treatment on average. On the other hand, humans cooperate

with an average rate of about 60% significantly more in the (δ = 0.75, R =

40) treatment, where algorithms cooperate at a mere rate of 0.35%. We see

this as suggestive evidence that humans try to establish cooperation even

in environments where it is hard to sustain. Third, the differences in the

cooperation rates are also high for high δ–R treatments, although not all

of the differences are statistically significant. Overall, humans cooperate

more than algorithms with the baseline parameters.

Having said that, the conclusion that humans cooperate more than the

algorithm is not generally tenable. For a second parameterization with sig-

nificantly higher exploration (α = 0.15, ν = 1, 000), Table 2 reports that

algorithms cooperate more on average for the highest δ–R treatments.15

When δ = 0.95 and R ≥ 40, the Q-learning algorithms cooperate signif-

icantly more than humans. However, perhaps surprisingly, average algo-

rithmic cooperation declines in ν unless δ and R are very high (R ≥ 40 and

δ = 0.95 or R = 48 and δ ≥ 0.90). It follows that humans still cooperate

more unless δ = 0.95 and R ≥ 40. It appears that in environments in which

it is relatively difficult to cooperate, humans establish more cooperation.

On the other hand, in settings where collusion is relatively easy to sustain,

algorithms that explore extensively cooperate more. We summarize our

findings by answering Exploratory Question 1:

15In Section S.4.7 in the online appendix, we present heatmaps of average cooperation
rates for all our α, ν and k combinations. Our main results on average cooperation rates
are very robust in all of these dimensions.
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Table 2: Difference human vs. algorithmic cooperation rates,
k = 1, ν = 20 and ν = 1000

ν = 20 δ R = 32 R = 40 R = 48

0.50 8.15∗∗∗ 20.82∗∗∗ 42.38∗∗∗

0.75 18.54∗∗∗ 59.28∗∗∗ 37.08∗∗∗

0.90 27.45∗∗∗ 40.62 22.86
0.95 13.85 27.16 27.80∗

ν = 1000 δ R = 32 R = 40 R = 48

0.50 8.15∗∗∗ 20.82∗∗∗ 45.13∗∗∗

0.75 18.54∗∗∗ 59.63∗∗∗ 41.15∗∗∗

0.90 36.42∗∗∗ 60.23∗∗∗ 7.46
0.95 44.02∗∗∗ −2.19∗∗∗ −3.51∗∗∗

Note: This table depicts the difference between cooperation rates
of humans and algorithms, as well as the significance of a two-
sided Mann-Whitney-U-test. For the Mann-Whitney-U-test, an
observation is one simulation for algorithms (1,000 per each pa-
rameterization), and a matching group for human experiments
(between 6 and 11 per parameterization).∗ p < 0.05, ∗∗ p < 0.01,
∗∗∗ p < 0.001

Result 2. When cooperation is relatively hard to sustain, humans coop-

erate more than algorithms. The comparison is ambiguous in other cases.

Even with high exploration, algorithms may cooperate significantly less than

humans.

Humans cooperate more than algorithms, even though the two are stud-

ied under different matching protocols. Humans are matched to another

human for one supergame, and then matched to another participant for the

next supergame. The Q-matrices remain matched throughout the learning

and playing phases, which is a common approach in the recent literature

on reinforcement learning algorithms in economics.16 In Section 7, we in-

vestigate alternative matching protocols and find that the cooperation gap

is robust, though the strategies that sustain algorithmic cooperation are

sensitive to the matching environment.

16While the algorithm eventually stops exploring, there is evidence that humans
continue randomization to learn or have a preference for randomization (Agranov and
Ortoleva, 2022). Moreover, there is a substantial amount of randomization even in the
late stages of human laboratory experiments (Romero and Rosokha, 2023).
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Humans and algorithms learn to cooperate in very different ways. Hu-

mans do not have a parameter that determines the exploration of new

strategies, and they can learn within and across supergames. Algorithmic

learning, on the other hand, is strongly influenced by the exogenous ex-

ploration parameter. Additionally, for reinforcement learning algorithms,

“learning to cooperate” and “cooperation” itself are separate issues due to

the learning and playing phases. However, for humans, the data comprises

both phases.

Where humans and Q-learning algorithms differ most strongly is in

the learning phase. Humans need only a small number of rounds or a few

supergames to cooperate; they belong to a generally cooperative species. In

experimental games, humans are matched with many different opponents,

so they are exposed to a much less stable environment than algorithms

are. Also, they learn to cooperate throughout their entire lives, not only

in the limited span of the experimental session. In contrast, reinforcement

learning algorithms must start from scratch and require a large number

of rounds to learn. Humans can interpret each other, play deliberately,

and infer the intentions of their opponents. These differences between

humans and algorithms appear to explain some of our results, such as why

humans cooperate more when cooperation is relatively difficult to sustain.

While the discount factor and reward parameter affect both human and

algorithmic “learning to cooperate,” the different natures of learning lead

to different outcomes in supergames, such as the more forgiving nature of

the strategies employed by the algorithm.

5 Algorithms cooperate differently than humans

We now analyze the strategies that algorithms learn to play and compare

them to those used by humans. These strategies tell us how the players

cooperate and how cooperation is sustained through punishment. We again

focus on our baseline parameters but also study how the strategies depend

on the game, learning, and exploration parameters. We start with memory

one, in which case the strategies can be inferred from the Q-matrices. In

the online appendix, we investigate algorithms with higher memory and

estimate the frequencies with which certain strategies are being played.
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5.1 Algorithmic strategies

To analyze the algorithms’ strategies, we classify them “manually,” that is,

we infer the strategies from the Q-matrix upon convergence as the state-

wise maximizers. In our analysis, we allow the following 18 strategies, which

include classic strategies such as tit-for-tat (TFT), grim trigger (GT), and

win-stay-lose-shift (WSLS). First, we include the 16 memory-one strategies

when ignoring the initial state (see Table S.1 in the online appendix).17

We also include two strategies that take the initial state into account.

The first is AllD’, which plays grim trigger but starts in a state other

than CC; because the initial state leads to immediate defection, AllD’ is

behaviorally equivalent to AllD and grouped with it. The second is AllC’,

which cooperates in every state except DD and starts in a state other than

DD; on path against a cooperative opponent, DD is never reached, so

AllC’ is behaviorally equivalent to AllC and grouped with it. These two

strategies are relatively frequent. For tractability, we work with these 18

strategies rather than the full set of 32 that arises when the initial action

is also distinguished.

Figure 3a shows the distribution of the learned strategies when memory

is hard-coded to one (k = 1). Consistent with low cooperation rates (Fig-

ure 2a), AllD dominates for low δ–R combinations. The share of AllD de-

creases in δ and R. For R ≥ 40 and δ ≥ 0.9, cooperative strategies emerge

more persistently: we mainly observe AllC, TFT, and WSLS. However,

AllD is still the modal strategy for (δ = 0.90, R = 40). Win-shift-lose-shift

(WShLSh) is most common for R = 48, and it is even the modal strategy

for δ ≥ 0.9 and R = 48 under partner matching. It prescribes defecting

unless both players defected in the previous period. WShLSh is learned

so often that the average cooperation rate actually decreases when δ is

increased from 0.9 to 0.95 at R = 48. Note that WShLSh never forms a

symmetric SPNE. Nevertheless, the algorithms learn the strategy when R

is large. We discuss WShLSh in Section 5.4.

Result 3. With memory one and partner matching, the most frequently

17Since our classification conditions on the four memory-one states but not on the
initial action, it pools strategies that differ only in round one. In particular, TFT and
Suspicious TFT (STFT)—which both mimic the opponent’s previous action but differ
in whether they start with C or D—are grouped under the TFT label.
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(a) Strategy choices of algorithms.
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(b) Strategy choices of humans.
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Note: The first figure reports the manual classification for k = 1 for the baseline
parameters α = 0.15, ν = 20. The numerical values are available in Table S.6
in the online appendix. The second figure reports the distribution of strategies
played by humans. We use the frequency estimates from Dal Bó and Fréchette
(2019) for δ = {0.5, 0.75} with R = {32, 48} and δ = 0.9 with R = 32; from
Dal Bó and Fréchette (2011) for δ = {0.5, 0.75} with R = 40; from Romero and
Rosokha (2018) for δ = 0.95 with R = 32; and our own data for δ = {0.9, 0.95}
with R = {40, 48}. For the human-player data, GT and TFT include higher-
memory variants of these strategies (see Table S.7 in the online appendix for
details). Strategies with an estimated frequency below 5% are classified as
“other.”

Figure 3: Strategy choices by δ–R treatment.
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learned strategies by the algorithms are AllD, WSLS, TFT, and WShLSh.

These strategy findings depend on the matching protocol. Under stranger

matching with larger matching groups, WShLSh disappears and grim trig-

ger becomes the dominant cooperative strategy (see Section 7).

5.2 Comparison to humans

How do the strategies implemented by humans differ from those chosen by

the algorithms? We employ the Strategy Frequency Estimation Method

(SFEM) of Dal Bó and Fréchette (2011) to estimate human strategies; see

the online appendix for details. The results are shown in Figure 3b. The

most popular strategies among human players are AllD, TFT, and GT

across treatments and experiments.18 Consistent with the respective coop-

eration rates, some humans play cooperative strategies even for low δ–R

combinations, while algorithms basically always defect for these. Some hu-

mans even always cooperate but most cooperate only if the other player

also cooperates. For higher δ–R treatments, humans mainly choose GT

and TFT. Together, they account for 83% to 95% of the strategy estimates

(when δ ≥ 0.9 and R ≥ 40). This exceeds the share of TFT and GT in the

most cooperative games in Dal Bó and Fréchette (2018). It appears that

human subjects learn not to cooperate unconditionally, despite the high co-

operation rates. For these treatments, algorithms mainly learn WSLS, TFT

and WShLSh. However, the frequency of TFT is higher among humans,

and algorithms play WSLS and WShLSh, two strategies that humans do

not play at all. AllC is played by both player types but less often overall

than these other strategies.

Result 4. Humans mainly cooperate by playing grim trigger and tit-for-tat.

Under partner matching, algorithms mainly cooperate by playing win-shift-

lose-shift and win-stay-lose-shift.

Both humans and algorithms frequently cooperate through strategies

that do not form subgame-perfect Nash equilibria. For humans this is

18In their meta study, Dal Bó and Fréchette (2018) find that, across experiments,
humans tend to adopt AllD, TFT, and GT. Romero and Rosokha (2023) found that
experienced humans tend to use the pure strategies AllD, TFT, and GT also when they
have the option to play mixed strategies.
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mainly TFT and for algorithms this is WShLSh (and to a lesser extent

TFT). However, it has been argued that TFT is empirically not a bad

strategy (Axelrod, 1984). In contrast, WShLSh leads to cycles between

CC and DD and can be easily exploited. Hence, humans choose strate-

gies that implement higher cooperation levels and that are more robust

to exploitation. On the other hand, algorithms learn WSLS in certain

treatments, which is subgame-perfect and potentially restarts mutual co-

operation (in contrast to GT and mutual TFT). In the online appendix,

Section S.2.3, we assess whether the differences between strategies used by

algorithms and by humans are statistically significant. Log-likelihood ratio

tests reject the hypothesis that algorithmic strategies are fully captured by

the set of human strategies. This indicates that restricting attention to

human strategies entails a loss of information: the strategies employed by

the algorithms are not, in general, well approximated by the set of human

strategies for these parameterizations. This conclusion is consistent with

the observation that algorithms frequently employ WSLS and WShLSh,

strategies that humans never use.

5.3 Hyperparameters and algorithms’ strategies

To further contrast humans’ and algorithms’ strategies, we analyze the

dependence of the algorithmic strategies on the hyperparameters ν and

α. Recall that a higher ν implies more exploration, and that a higher α

leads to stronger updates of the Q-values based on current payoff feedback.

Figure 4 illustrates the relationship between these hyperparameters and

the most frequently observed strategies. The figure reports pooled means

for δ ∈ {0.90, 0.95} and R ∈ {40, 48}.
Figure 4a depicts the impact of ν on the strategies. A first observation

is that the prevalence of AllD drops initially in ν but reaches a steady level

of around 22%. Second, WSLS increases monotonically in ν and becomes

the modal strategy for ν ≥ 100. Third, WShLSh is always among the top

three strategies in terms of frequency but falls in ν for ν sufficiently high.

Lastly, TFT consistently accounts for between 5 and 15% of the data.

Even with high exploration parameters, algorithms cooperate mainly

throughWSLS andWShLSh. However, the modal strategy becomesWSLS,
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which is subgame-perfect in contrast to TFT. One might conclude that al-

gorithms that explore extensively play the repeated prisoner’s dilemma in

some “better” way than humans. However, WSLS is learned only when the

economic incentives of cooperation are high. For example, when R = 32,

δ = 0.95, and ν = 1, 000, 92% of the algorithms play AllD, despite WSLS

being an SPNE. Therefore, the algorithm’s learned strategies qualitatively

depend on the economic environments and not only the algorithms’ hyper-

parameters. The strategy choices of humans appear more consistent across

treatments.

Figure 4b illustrates the influence of α on the algorithms’ strategies. A

first insight is that for low levels of α, AllD dominates with a frequency of

around 70%. However, as soon as α exceeds the lowest level, this frequency

drops to around 20%. A second observation is that WSLS largely increases

while TFT decreases in α. Altogether, once α is sufficiently high, increasing

it further has only a moderate effect on strategies.

In the online appendix, we estimate a multinomial logit regression to

systematically investigate the effect of the parameters on the strategies

for k = 1. The baseline category combines AllD with all other unlisted

strategies, and we use the full dataset rather than restricting it to the data

depicted in Figure 4. Relative to the baseline, δ and R are positively associ-

ated with the cooperative strategies AllC, WSLS, WShLSh, and TFT. The

learning parameter α has no statistically significant effect on the strategies.

The effect of ν on TFT, WShLSh, and AllC is negative significant. The

effect on WSLS is positive but insignificant, due to non-linear interaction

with δ and R. We conclude as follows.

Result 5. The algorithms’ cooperative strategies AllC, WSLS, TFT, and

WShLSh increase in δ and R. Exploration increases the share of WSLS and

decreases the share of WShLSh. The learning rate α has a muted effect on

the strategy choice.

5.4 Win-shift-lose-shift

The widespread use of certain strategies that do not seem very attractive

from a theoretical perspective may be surprising. For instance, an algo-

rithm that plays WShLSh cooperates if and only if both players defected
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(a) Frequently learned strategies of algorithms as a function of exploration.

0.05 0.1 0.15 0.2 0.25

0

0.2

0.4

0.6

α

AC WSLS WShLSh TFT AD
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Figure 4: Algorithms’ strategies as a function of exploration and
the learning rate

Note: Both figures show the averages for δ ≥ 0.9 and R ≥ 40 and k = 1. In

figure (a), α = 0.15. In figure (b), ν = 20. The x-axis in figure (a) is on a

log-scale.
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in the previous round. When paired with another player who also plays

WShLSh, this results in a (CC,DD) cycle, alternating between mutual

cooperation and mutual defection. Suppose players are in state DD; why

do they still cooperate in the next round? Clearly, they could gain consid-

erably by deviating in the next round, receiving a payoff of 50 instead of

R, and also returning to DD again in two rounds.

The intuition behindWShLSh is as follows: Suppose that the Q-matrices

of both players are currently such that D is played in all four states in the

learning phase. Thus the initially relevant state is DD, with associated

Q-values of subsequent cooperation and defection, respectively: Q(DD,C)

and Q(DD,D). Since both players defect in state DD, each player contin-

ues to receive 25 in that state. Depending on how Q(DD,C) was initialized

and the payoff structure, Q(DD,D) may eventually fall below Q(DD,C),

in which case the player begins switching to C in state DD. If this switch

occurs around the same time for the other player, both players cooperate in

state DD and keep getting positive feedback (payoff R) by doing so, which

reinforces this action. When exploration eventually stops, both players

have ‘learned’ that cooperation is the optimal action in state DD, result-

ing in WShLSh. Playing D and C in the DD state updates the Q-values

Q(DD,D) and Q(DD,C) towards 50 + δQ(DC,D) and R + δQ(CC,D)

(depending on α and δ), respectively. If the latter is higher than the for-

mer, then the WShLSh strategy profile survives exploration. This occurs

when both δ and R are high, and if Q(DC,D) is sufficiently low relative

to Q(CC,D). Such a situation arises if Q(DC,D) reflects a value stem-

ming more from mutual defection rather than from alternating between

DD and CC, as Q(CC,D) does. Since there is noise both in the initial-

ization of the Q-matrix and in the learning process, the above argument

describes a possibility and not a deterministic convergence result. Bertrand

et al. (2023) establish the generic possibility for convergence to cooperative

strategies such as WShLSh (lose-switch in their terminology) and WSLS

(Pavlov in their terminology) of Q-learning algorithms in the prisoner’s

dilemma. Their result also builds on the initialization of the Q-matrix and

follows a similar intuition to the one described above.

Since the initial Q-matrix and exploration might explain the occur-

rence and prevalence of the non-subgame-perfect strategy WShLSh, we

27



investigate its robustness with respect to these inputs. In the first robust-

ness exercise, Figure S.2 in the online appendix reports the strategies that

emerge when the exploration probability is at least 5% in each round. The

frequency of WShLSh is lower at the expense of AllC and WSLS. This

suggests that exploration plays a role for the prevalence of WShLSh: More

exploration implies that the off-path Q-value Q(DC,D) more accurately

reflects the continuation payoffs given the opponent’s current strategy (de-

rived from their Q-matrix). However, more exploration does not eliminate

the strategy. The second robustness check varies the initialization of the

Q-matrix. Here we use the same initialization as in Calvano et al. (2020a).

That is, the initial Q-values are set to the discounted long-run payoff that

would accrue to a player if the opponent were to be randomized uniformly

across the two possible actions. In comparison to our main initialization,

this leads to higher initial values and thus a more optimistic initial estimate

of the value associated with each state-action combination. Additionally,

we investigate four more initializations of the Q-matrix, including relatively

optimistic and pessimistic ones. Qualitatively, the same set of strategy fre-

quencies appears as with the main initialization (see Section S.4 in the

online appendix). We conclude that while exploration contributes to the

frequency of WShLSh, the initialization is less crucial.

5.5 Strategies with higher memory

We now briefly describe how the above results change when we allow for

higher hard-coded memory. The effect of memory on cooperation is ex

ante unclear. Also, the manual classification is no longer practical when

k > 1. The complexity of the state space, and thus the set of all memory-k

strategies, grows exponentially with k. To circumvent this problem, we use

the strategy frequency estimation, used for the analysis of human data, and

described in the online appendix. In that appendix, we also demonstrate

the validity of this method by showing that it yields estimates consistent

with the manual classification. In the online appendix, we show two main

results when k > 1.

Result 6. With memory two or three, the most frequent strategies learned

by the algorithms are AllD and those in the TFT and WShLSh families.
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Notably, grim trigger, one of the most common human strategies, is

almost entirely absent. However, this finding is specific to the partner-

matching protocol; under stranger matching, grim trigger becomes the

dominant cooperative strategy (see Section 7).

Result 7. Under partner matching, algorithms hardly ever learn grim trig-

ger strategies.

5.6 Further determinants of strategies

In online appendix S.2, we investigate how the determinants of coopera-

tion influence strategy choice. To this end, we classify the strategies into

the categories “cooperative,” “lenient,” and “forgiving” (Fudenberg et al.,

2012). We find that the occurrence of all three classes reacts positively to

increases in the discount factor δ and reward parameter R (likely due to

moving away from AllD). Memory increases the average cooperation rates

mostly through increasing lenient and forgiving strategies. The learning

rate α and the exploration parameter ν generally have no significant im-

pact on the strategy class; the only exception is that a higher ν leads to

more cooperative strategies.

In online appendix S.2, we also investigate how the economic and algo-

rithmic parameters influence some properties of the limiting strategy pro-

files. We find that the cycle length increases in δ, R, and memory k. Hence,

as average cooperation rates increase (due to higher δ–R ), the increase is

not due to on-path mutual cooperation but more complex behavior. This

claim finds additional support in the finding that the fraction of states on

the equilibrium path where both players play the same actions decreases

in δ and k.

6 Determinants of algorithmic cooperation

We now investigate more systematically which factors influence algorithms

to cooperate. Online appendix S.3 provides a detailed analysis of the de-

terminants of cooperation. We summarize the main findings here. We dis-

tinguish between economic parameters and concepts and the algorithm’s

hyperparameters. Overall, our findings confirm that the determinants sug-
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gested by economic theory and experimental economics also apply to Q-

learning agents.

The experimental literature has suggested several determinants of co-

operation (Dal Bó and Fréchette, 2018). First and foremost, the discount

factor δ and the reward parameter R make cooperation more attractive

and should therefore raise cooperation. The positive impact of these game

parameters on cooperation can be inferred from Figure 2a, as summarized

in Result 1. Table 3 reports OLS regressions with the cooperation rate (as

in Figure 2a) for our baseline parameterization as the dependent variable.

Regression (1) confirms the descriptive results: We see a substantial and

highly significant effect of δ and R.

Table 3: Determinants of average cooperation
(1) (2) (3) (4)

δ 88.14∗∗∗ 88.14∗∗∗ 96.40∗∗∗ 96.40∗∗∗

(0.31) (0.31) (0.18) (0.17)
R 2.04∗∗∗ 2.04∗∗∗ 1.95∗∗∗ 1.95∗∗∗

(0.01) (0.01) (0.00) (0.00)
α 12.13∗∗∗ −8.38∗∗∗

(0.77) (0.43)
ν 0.01∗∗∗ 0.01∗∗∗

(0.00) (0.00)
k = 2 1.16∗∗∗ 1.16∗∗∗

(0.08) (0.07)
k = 3 0.24∗∗ 0.24∗∗

(0.08) (0.07)
Constant −130.25∗∗∗ −134.59∗∗∗ −133.02∗∗∗ −135.29∗∗∗

(0.42) (0.43) (0.24) (0.25)
Sample k = 1 only k = 1 only all k all k
Obs. 300000 300000 900000 900000

An observation is the cooperation rate, computed over 1,000 periods after con-
vergence. The factorial design contains 900 (k, δ, R, α, ν) combinations, which
take 3, 4, 3, 5, and 5 values, respectively. There are 1,000 simulations for
each parameter combination, leading to 300,000 memory-one simulations and
900,000 observations across all memory levels. Standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The game-theoretic literature cautions that rational players will co-

operate only if cooperative equilibria exist. Hence, if grim trigger forms

a subgame perfect Nash equilibrium, then cooperation is expected to be

higher. Formally, this requires the discount factor to be sufficiently high,

which is the case in all treatments except δ = 0.5 and R = 32. Since al-
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gorithms do not cooperate in this treatment but there are non-cooperative

outcomes in other treatments, we conclude that the existence of SPNE is

necessary but not sufficient for cooperation, as is the case for humans.

The literature has also suggested that cooperation rates depend on grim

trigger being the risk dominant equilibrium and on the size of the basin

of attraction of AllD (sizeBAD). Table S.16 in online appendix S.3 states

for which δ–R GT is risk dominant and the respective sizeBAD. Risk

dominance is also positively associated with cooperation, while sizeBAD

is negatively associated. This finding was also observed by Boczoń et al.

(2024a).

Besides these economic parameters, we expect the learning and explo-

ration parameters to affect the cooperation rates of the algorithms. We

analyze the role of these parameters in regression (2) of Table 3. Across

all parameter specifications in the k = 1 sample, the effects of α and ν are

positive and significant. In the “all k” sample, ν remains positive whereas

α becomes negative significant. While cooperation often increases with α

and ν, the effect of these parameters is not uniform for given game pa-

rameters. For example, with k = 1, δ = 0.90, and R = 40, the average

cooperation is about 40% for ν = 20, but only about 20% for ν = 1, 000.

For ν = 20 and the same δ–R pair, average cooperation drops to around

20% as α increases from 0.15 to 0.25. Considering the entire dataset and

controlling for α and ν does not change the previous insight that coopera-

tion increases in R and δ. Despite the apparent non-linear interactions of

k and the hyperparameters, we conclude with the following result.

Result 8. Average cooperation across all δ–R parameters of memory-one

algorithms increases in α and ν. The impact of α and ν is not uniform

and depends on the game parameters.

The regressions (3) and (4) in Table 3 additionally include memory as a

control and use data from all computational experiments, that is, exploiting

variation in δ, R, k, α, and ν. The average effect of k in regressions (3)

and (4) is positive significant. Table S.3 in the online appendix further

distinguishes the cooperation rates by k. There we see that the memory

length has an ambiguous influence on cooperation in general. Cooperation

rates at k = 1 often seem higher than those for k = 2 and k = 3, but
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this is not the case throughout. We attribute this to nonlinear interaction

effects between k on the one hand and ν and α on the other. In any case,

memory k appears to be a second-order factor. Its effect on cooperation is

dominated by the impact of δ and R.

Table 4: Difference human vs. algorithmic cooperation rates,
ν = 20 and ν = 1000

ν = 20 k δ R = 32 R = 40 R = 48

1 0.50 8.15∗∗∗ 20.82∗∗∗ 42.38∗∗∗

0.75 18.54∗∗∗ 59.28∗∗∗ 37.08∗∗∗

0.90 27.45∗∗∗ 40.62 22.86
0.95 13.85 27.16 27.80∗

2 0.50 8.15∗∗∗ 20.82∗∗∗ 44.85∗∗∗

0.75 18.54∗∗∗ 57.65∗∗∗ 44.82∗∗∗

0.90 25.58∗∗∗ 38.05∗∗ 30.29∗

0.95 18.15 37.22∗∗∗ 39.14∗∗∗

3 0.50 8.15∗∗∗ 20.82∗∗∗ 44.13∗∗∗

0.75 18.54∗∗∗ 59.12∗∗∗ 46.13∗∗∗

0.90 31.88∗∗∗ 58.47∗∗∗ 36.75∗∗∗

0.95 21.55∗∗ 41.28∗∗∗ 41.71∗∗∗

ν = 1000 k δ R = 32 R = 40 R = 48

1 0.50 8.15∗∗∗ 20.82∗∗∗ 45.13∗∗∗

0.75 18.54∗∗∗ 59.63∗∗∗ 41.15∗∗∗

0.90 36.42∗∗∗ 60.23∗∗∗ 7.46
0.95 44.02∗∗∗ −2.19∗∗∗ −3.51∗∗∗

2 0.50 8.15∗∗∗ 20.82∗∗∗ 45.13∗∗∗

0.75 18.54∗∗∗ 59.63∗∗∗ 65.25∗∗∗

0.90 36.42∗∗∗ 62.97∗∗∗ −10.90∗∗∗

0.95 43.60∗∗∗ −14.04∗∗∗ −12.16∗∗∗

3 0.50 8.15∗∗∗ 20.82∗∗∗ 45.13∗∗∗

0.75 18.54∗∗∗ 59.63∗∗∗ 68.15∗∗∗

0.90 36.42∗∗∗ 62.23∗∗∗ −4.82∗∗∗

0.95 32.33∗∗∗ −8.39∗∗∗ −12.13∗∗∗

Note: This table depicts the difference between cooperation rates
of humans and algorithms, as well as the significance of a two-
sided Mann-Whitney-U-test. For the Mann-Whitney-U-test, an
observation is one simulation for algorithms (1,000 per each pa-
rameterization), and a matching group for human experiments
(between 6 and 11 per parameterization).∗ p < 0.05, ∗∗ p < 0.01,
∗∗∗ p < 0.001

Table 4 compares for all k ∈ {1, 2, 3} the cooperation rates of humans

and algorithms for ν = 20 and ν = 1, 000. Focusing on ν = 20, the
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most noticeable observation is that humans cooperate significantly more

for nearly all δ–R pairs when k > 1; the difference is not significant for four

δ–R combinations when k = 1. For ν = 1, 000, higher memory reinforces

the finding that algorithmic cooperation increases in ν (compared to the

benchmark ν = 20) for the highest δ–R combinations but decreases in ν

for low and intermediate δ and R. It follows that higher memory does not

qualitatively change the insights from the memory-one case.

7 Robustness check: Alternative matching protocols

Our main specification follows the standard approach in the reinforcement

learning literature: Two algorithms play a single, continuous supergame

throughout the training phase. We chose this design to directly compare

human learning with how algorithms are typically trained in strategic envi-

ronments like pricing. Because the algorithms interact continuously, they

visit the initial state exactly once. Given that the training phase spans

hundreds of thousands of periods, any potential path dependence from this

initial state is negligible, making this setup effectively without loss of gener-

ality. In human laboratory experiments, however, participants are usually

rematched across multiple supergames within a larger matching group. To

assess whether our findings are sensitive to these procedural differences,

we investigate two alternative matching protocols. With these alternative

protocols, we align the algorithmic learning environment more closely with

human laboratory setups, even though this diverges from standard algo-

rithmic training practices.

In the first variation, two algorithms repeatedly play supergames with

each other (partner rematching). The Q-matrix now includes an explic-

itly modeled initial state, and the length of each supergame is determined

by the discount factor δ, as in human experiments. The significance of

this variation lies in the importance of the initial state for a strategy. In

expectation, the initial state is visited every 1
1−δ

rounds, which can have

implications for the strategies that are learned.

In the second variation, we implement stranger rematching with a match-

ing group of ten agents. This mimics the protocol in our human laboratory

experiments. After each supergame, agents are randomly rematched within
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the group.19

Figure 5 presents the cooperation rates for both variations. Panel (a)

shows that cooperation rates under partner rematching (group size 2) are

similar to our main specification. The non-monotonicity in δ for R = 48

persists. Panel (b) shows that stranger rematching with a group size of 10

leads to substantially lower cooperation rates, staying below 10% unless

δ = 0.95 and R ≥ 40. Both findings strengthen our key result that humans

tend to cooperate more than algorithms.

Figure 6 shows the strategy frequencies under both matching varia-

tions. Under partner rematching (Panel (a)), the main drivers of cooper-

ation remain WShLSh and WSLS, as in our baseline specification. Thus,

outcomes are driven by the same strategies when rematching occurs across

supergames within a pair.

Under stranger rematching with groups of 10 (Panel (b)), strategies

change substantially. WShLSh disappears entirely. Whenever cooperation

arises, it is mostly supported by strategies from the grim trigger family.

While grim trigger is also observed among humans, it typically coexists with

other cooperative strategies such as tit-for-tat, which algorithms in this

setup rarely learn. Thus, as WShLSh and WSLS vanish and grim trigger

becomes dominant, algorithmic behavior remains distinctly different from

human behavior, though in a different way than under partner matching.

These results carry two implications. First, the gap in cooperation be-

tween humans and algorithms is robust. Algorithmic cooperation rates

are lower under both alternative matching protocols, reinforcing the find-

ing that humans tend to cooperate more. Second, the specific strategies

that sustain algorithmic cooperation are sensitive to the matching envi-

ronment. Under partner matching, WShLSh and WSLS dominate, while

under stranger matching in larger groups, grim trigger becomes the primary

cooperative strategy. This qualifies Result 7, which states that algorithms

rarely learn grim trigger via partner matching. The broader conclusion

that algorithms cooperate differently from humans, however, remains ro-

19We focus on the same convergence criteria. However, the larger matching group
naturally lengthens the training phase because there is more randomness in the envi-
ronment as more agents learn. Furthermore, all ten agents must converge to a stable
strategy, rather than just two. As such, differences in outcomes may also be attributed
to the longer training, a possibility we leave for future research.
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(a) Matching group size 2
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Figure 5: Cooperation rates by δ–R treatment, using different
matching schemes across supergames.

Notes: The figure reports the algorithmic cooperation rates for the baseline
parameters k = 1, α = 0.15, ν = 20, computed over 1,000 periods after conver-
gence. An observation is one simulation for algorithms (1,000 for each param-
eterization).
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(a) Matching group size 2.
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(b) Matching group size 10.
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Figure 6: Strategy frequency of algorithmic data by δ-R treat-
ment, using different matching schemes across supergames.

Note: The figure reports the manual classification for k = 1 for the baseline
parameters α = 0.15, ν = 20. Details on the strategy definitions are provided in
the online appendix. The additional strategy SD-DCDD begins with defection
and otherwise defects, except that it cooperates following a round in which it
defected while the opponent cooperated.

36



bust across all matching protocols, as the strategies algorithms adopt differ

from the mix of TFT and GT strategies that characterizes human play.

We note that any matching protocol may be relevant depending on the

application. Partner matching within a single supergame is standard prac-

tice for studying reinforcement learning algorithms in economics and can

approximate the behavior of pricing algorithms that repeatedly interact

with one another. Stranger rematching across supergames is the standard

in experimental economics with human participants, and it is relevant for

settings where agents interact with changing counterparts. Our main spec-

ification compares how algorithmic and human learning are typically stud-

ied in their respective fields, while recognizing that the matching protocol

matters for the strategies that emerge.

8 Conclusion

Comprehensive knowledge of how algorithms work is essential as artificial

intelligence is increasingly used in strategic situations (Rahwan et al., 2019).

Our work aims to improve the understanding of algorithmic cooperation

by comparing the behavior of Q-learning algorithms with that of human

participants in the infinitely repeated prisoner’s dilemma.

We summarize the established findings of our analysis. First, regarding

cooperation levels: humans and algorithms are rational in that their be-

havior adjusts to the economic incentives. As cooperation becomes more

attractive (due to a higher reward or discount factor), average cooperation

tends to increase. Humans tend to be more cooperative, in particular when

cooperation is relatively hard to sustain. Algorithms achieve higher coop-

eration rates when they explore extensively and the cooperation reward is

very high. Both appear rational in that they cooperate little (or not at

all) when it is not incentive compatible to do so. While algorithms can

sometimes be tuned to cooperate more than humans, we cannot identify

a universal set of parameters that leads to higher cooperation rates across

all prisoner’s dilemma variants.

Second, regarding strategies: Our Q-learning algorithms tend to play

different strategies than humans. Both often choose strategies that are not

incentive compatible in the sense of not forming a subgame perfect Nash
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equilibrium. Under partner matching, algorithmic cooperation rates are

mainly sustained through the cycling Win-Shift-Lose-Shift strategy, while

human players frequently use tit-for-tat, grim trigger, or a related strategy.

However, Q-learning may appear more rational because it is more likely to

forgive past defections by reinitiating cooperation. Under stranger match-

ing with larger groups, the strategies shift substantially: Win-Shift-Lose-

Shift disappears and grim trigger becomes dominant among algorithms,

while cooperation rates decline further. This sensitivity to the matching

protocol indicates that the specific form of algorithmic cooperation depends

on design choices that go beyond the game parameters. Overall, the arti-

ficial intelligence studied in this paper does not systematically outperform

humans.

Several questions remain open. Our analysis establishes that tabular

Q-learning under the specifications studied here—including variation in

memory, exploration, and learning rates—does not generate cooperation

rates comparable to those of humans across all environments. Whether

this reflects an intrinsic property of tabular Q-learning or whether al-

ternative algorithmic design choices (e.g., different state representations,

learning rules, or function approximation) could close the gap remains to

be explored. Investigating the role of exogenous noise in the stability of

strategies, as studied theoretically for finite populations by Zhang (2018),

is another promising direction: small perturbations could test which of the

strategies identified here are robust and which are artifacts of the deter-

ministic limit. Future work could also explore multiplayer settings, richer

action spaces, and the interaction between algorithmic and human players.

Q-learning is an important building block of more sophisticated algo-

rithms and widely studied in economics, but there are also other algorithms.

As a robustness check on the algorithm’s type, a former version of this pa-

per also reported on the play of two Large Language Models (LLMs) in

the repeated prisoner’s dilemma (Kasberger et al., 2023).20 We found the

cooperation rates not to be responsive to changes in the economic envi-

ronment as formalized by the discount factor δ and the reward parameter

R. Hence, not all algorithms respond to the environment as humans and

Q-learning algorithms do and as suggested by economic theory.

20We analyzed the gpt-3.5-turbo-0301 model from OpenAI.
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Our research can also address questions about collusion between firms.

While broadly informative, these results should be read with the caveat

that a two-action dilemma may not fully capture the strategic richness of

oligopoly environments with larger action spaces. Nevertheless, there are

two core policy issues to which our work seems relevant. First, it is essential

for antitrust policy to know what market conditions are conducive to collu-

sion by reinforcement learning algorithms. Our results indicate that, when

it comes to the determinants of cooperation, there are no major differences

compared to human decision-makers. A second important policy question

is how to detect collusion by reinforcement learning algorithms (Calvano

et al., 2020b). Here the strategy frequency estimation method, developed

by Dal Bó and Fréchette (2011) and described in the online appendix, may

also enhance our understanding of algorithmic collusion by providing an

easy-to-interpret and theory-driven description of the algorithm’s strategy.

Indeed, we find evidence for retaliation and matching strategies, which are

thought to be indicative of collusion in oligopoly.
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Boczoń, Marta, Emanuel Vespa, and Alistair Wilson, “Lab to al-

gorithms: Predicting AIs with humans, and vice versa,” Working paper,

2024.

, , Taylor Weidman, and Alistair Wilson, “Testing Models of

Strategic Uncertainty: Equilibrium Selection in Repeated Games,” Jour-

nal of the European Economic Association, 07 2024.

Calvano, Emilio, Giacomo Calzolari, Vincenzo Denicolò, and Ser-
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S.1 Additional tables

Table S.1: List of k = 1 strategies for manual classification

ID Label DD (00) DC (01) CD (10) CC (11) Remark

1 AllC C C C C

2 C C C D

3 C C D C

4 CDAlt C C D D

5 C D C C

6 C D C D

7 WSLS C D D C

8 WShLSh C D D D

9 D C C C Conv. State = (DD)

10 D C C D

11 TFT D C D C

12 D C D D

13 D D C C

14 D D C D

15 Grim D D D C Conv. State = (CC)

16 AllD D D D D

17 AllD’ D D D C Conv. State ̸= (CC)

18 AllC’ D C C C Conv. State ̸= (DD)

Note: The table describes the 18 memory-one strategies used in the manual strategy classifica-

tion. These strategies are the 16 memory-one strategies when ignoring the initial state and two

strategies (AllD’ and AllC’) that take the initial state into account.
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Table S.2: Data sources for experiments with human subjects

δ R = 32 R = 40 R = 48

0.5 DBF2011/19, GS2022 (9) DBF2011/19, GS2022 (6) DBF2011/19, GS2022 (11)

0.75 DBF2011/19, GS2022 (11) DBF2011/19, GS2022 (6) DBF2011/19, GS2022 (11)

0.90 DBF2019 (7) KMNW2024 (6) KMNW2024 (6)

0.95 DBF2019, RR2018 (8) KMNW2024 (6) KMNW2024 (6)

Note: This table lists the studies with human subjects whose data we used for our comparisons

(DBF2011: Dal Bó and Fréchette (2011), DBF2019: Dal Bó and Fréchette (2019), GS2022:

Ghidoni and Suetens (2022), RR2018: Romero and Rosokha (2018), KMNW2024: this paper).

In parentheses, we indicate the number of independent observations for each treatment. A single

independent observation corresponds to a matching group.

Table S.3: Average cooperation by treatment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗ 2.75 (11.62)∗∗∗

0.75 0.00 (0.00)∗∗∗ 0.35 (5.69)∗∗∗ 31.07 (33.10)∗∗∗

0.90 8.97 (26.76)∗∗∗ 39.12 (45.27) 66.05 (27.21)

0.95 37.77 (45.82) 55.35 (46.63) 60.03 (26.42)∗

2 0.50 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗ 0.29 (3.22)∗∗∗

0.75 0.00 (0.00)∗∗∗ 1.98 (13.45)∗∗∗ 23.33 (34.37)∗∗∗

0.90 10.84 (22.54)∗∗∗ 41.69 (38.35)∗∗ 58.63 (28.52)∗

0.95 33.47 (25.23) 45.29 (24.06)∗∗∗ 48.70 (18.05)∗∗∗

3 0.50 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗ 1.01 (9.56)∗∗∗

0.75 0.00 (0.00)∗∗∗ 0.51 (6.80)∗∗∗ 22.02 (36.99)∗∗∗

0.90 4.54 (13.66)∗∗∗ 21.26 (26.40)∗∗∗ 52.17 (22.21)∗∗∗

0.95 30.07 (20.37)∗∗ 41.23 (19.43)∗∗∗ 46.13 (14.27)∗∗∗

Note: This table shows the average cooperation rates by algorithms and the sig-

nificance of a two-sided Mann-Whitney-U-test relative to human cooperation (see

Table S.4). Standard deviations in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗

p < 0.001
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Table S.4: Average cooperation by humans

δ R = 32 R = 40 R = 48

0.50 8.15 (4.76) 20.82 (6.83) 45.13 (18.39)

0.75 18.54 (9.28) 59.63 (15.71) 68.15 (14.41)

0.90 36.42 (14.10) 79.73 (5.78) 88.91 (7.38)

0.95 51.62 (8.51) 82.51 (7.30) 87.84 (13.22)

Note: This table depicts average cooperation rates by humans.

Standard deviations in parentheses.

Table S.5: Distribution of strategies used by humans

δ R AllC AllD TFT TF2T TF3T 2TFT 2TF2T Grim Grim2 Grim3 σ

0.90 40 2.9 5.0 24.9∗∗ 17.9 3.9 6.4 0.2 9.2 6.9 13.8∗ 0.96

48 8.1 0.0 31.0∗∗ 21.0 0.0 5.6 11.5 0.0 0.0 16.6 0.98

0.95 40 0.0 3.3 37.0∗∗∗ 11.0 10.4 5.8 18.8 3.0 0.0 9.0 0.98

48 0.0 3.3 23.6 20.8 0.0 0.0 0.0 6.8 13.8 28.3∗ 0.99

Note: Strategies that never exceed 5% are omitted. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗

p < 0.001
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S.2 Further analyses of strategies

S.2.1 Strategy frequency estimation

Strategy frequency estimation (SFEM) was developed to analyze human decision

data by Dal Bó and Fréchette (2011) and has since then been widely used for the

estimation of the strategies that humans use in the repeated prisoner’s dilemma

(see, for instance, Fudenberg et al., 2012, Bigoni et al., 2015, Romero and Rosokha,

2018, Dal Bó and Fréchette, 2019), including the data underlying Figure 3(b) in

the main part of the paper.

For a given set of strategies, the SFEM assumes that player i chooses strategy

sl, l = 1, . . . , L, with probability ϕl in a given supergame. In each period of the

supergame, the player either plays according to strategy sl, or makes a random

mistake. We denote the probability of following the strategy and not making a

mistake by σ ∈ (1/2, 1), which is a parameter to be estimated.1 The probability

that a player plays according to the strategy sl is then given by Pi(s
l) =

∏
t σ

It,i(1−
σ)1−It,i , where It,i is an indicator variable that is equal to one if the player’s

action corresponds to the action prescribed by strategy sl and is zero otherwise.

Summing over all players in the game leads to the log-likelihood function L =∑
i ln(

∑
l ϕ

lPi(s
l)). We maximize L to estimate {ϕl}Ll=1, the frequency with which

the predefined strategies are played in the population.

We include the 20 strategies of Fudenberg et al. (2012) into our set of prede-

fined strategies. These include classic memory-one strategies such as tit-for-tat,

grim trigger, win-stay-lose-shift, as well as strategies that require a longer memory

length such as lenient grim trigger strategies or win-stay-lose-shift with two pun-

ishment periods. As above, we also add win-shift-lose-shift (WShLSh). Our set

of strategies consists of 25 strategies, the remaining being a suspicious version of

WShLSh with defection in the first round, win-stay-lose-shift with three periods of

punishment, and memory two and three versions of WShLSh. In the memory-two

version of WShLSh, the player cooperates if and only if both players defected in

the previous two periods. The memory-three variant works analogously.

Identification in SFEM relies on the assumption that players make mistakes in

the form of the random deviation described by σ.2 If players do not make mistakes,

it is impossible to distinguish between certain strategies. For example, suppose

1Allowing for random mistakes is frequently quite successful in rationalizing the behaviour
of experimental subjects, see e.g. Kirman et al. (2023).

2While model extensions exist (see, for instance, Breitmoser, 2015), SFEM assumes that
players can use pure strategies only. Focusing on pure strategies is without loss of generality in
our setup, as the algorithm cannot learn mixed strategies.
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that one player plays AllC while the other player plays TFT. When matched with

each other, the observed actions are observationally equivalent, yet the underly-

ing strategies differ. Upon convergence, however, the algorithms play according

to their limit strategy and no longer deviate from this strategy in the form of

random errors. To identify ϕl, we therefore need to induce random noise into the

environment. We start from the convergence state. The same two algorithms that

played the training phase now play according to their limit strategy for 50 rounds.

In a randomly selected round, one of the algorithms deviates from the action dic-

tated by its limit strategy.3 To separate strategies off-path, the deviating player

deviates in a total of three randomly selected periods.4 The recorded actions after

this deviation create noise in the environment, which allows us to identify the

strategies using SFEM. We use this approach for 1,000 independent simulation

runs for each environment and algorithmic parameterization. Furthermore, for

each simulation run, we induce the random deviation separately, that is, we only

consider the actions of the player who did not deviate.

Before estimating the frequency of strategies for algorithms with higher mem-

ory, we demonstrate the validity of the SFEM by showing that it yields correct

estimates for k = 1. As mentioned, the Q-matrix provides the complete mapping

from states to actions. Table S.6 shows the differences between the SFEM and the

manual classification. We find only few and minor differences, which demonstrates

that the SFEM can indeed be applied to algorithmic decision-making in strategic

situations.

3These random deviations are used for estimating strategies only, but not for computing
cooperation rates.

4The random round in which the algorithm deviates is drawn from a Poisson distribution
with arrival rate λ = 20. Conditional on the first draw, a second Poisson distribution with λ = 1
determines the second round in which the player deviates. The third round is again determined
by a Poisson draw with λ = 1.
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Table S.6: Manual vs. SFEM

δ R Method AllC CDAlt WSLS WShLSh TFT Grim AllD Other σ LL MSE

0.50 32 Manual 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0
SFEM 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 1.00 0.0 0.0

40 Manual 0.0 0.0 0.0 0.0 0.0 0.0 99.9 0.1
SFEM 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 1.00 0.0 0.0

48 Manual 0.1 0.0 0.0 5.3 0.0 0.0 90.6 4.0
SFEM 0.0 0.0 0.0 5.3 0.0 0.0 93.3 1.4 1.00 −0.6 1.7

0.75 32 Manual 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0
SFEM 0.0 0.0 0.0 0.0 0.0 0.0 100.0 0.0 1.00 0.0 0.0

40 Manual 0.0 0.0 0.3 0.1 0.0 0.0 98.8 0.8
SFEM 0.0 0.0 0.3 0.1 0.0 0.0 99.6 0.0 1.00 −0.1 0.2

48 Manual 2.2 0.1 4.4 37.8 1.1 0.0 47.2 7.2
SFEM 4.4 1.8 4.4 37.8 2.2 0.0 48.6 0.8 0.98 −5.4 6.5

0.90 32 Manual 1.7 1.0 1.2 0.1 5.3 0.0 67.5 23.2
SFEM 3.2 1.0 1.2 0.4 3.7 0.0 79.7 10.7 0.99 −3.5 38.8

40 Manual 6.1 1.0 18.4 7.2 6.8 0.0 43.1 17.4
SFEM 8.9 1.5 18.7 7.7 7.7 0.0 47.8 7.7 0.99 −5.2 15.7

48 Manual 10.6 0.0 15.3 56.2 8.1 0.0 3.3 6.5
SFEM 11.9 1.2 15.6 56.2 10.2 0.0 3.8 1.0 0.99 −5.4 4.7

0.95 32 Manual 9.0 2.3 10.3 2.2 17.1 0.0 33.6 25.5
SFEM 12.0 1.4 10.4 2.1 14.9 0.0 39.6 19.5 0.99 −4.8 10.9

40 Manual 13.3 0.4 18.4 8.9 18.5 0.0 23.4 17.1
SFEM 18.0 0.9 18.8 9.2 13.8 0.0 27.0 12.4 0.99 −4.9 9.9

48 Manual 7.1 0.2 9.9 64.2 6.0 0.0 3.1 9.5
SFEM 10.3 1.3 10.1 64.2 7.3 0.0 3.8 2.9 0.99 −5.3 7.2
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S.2.2 Algorithmic strategies with higher memory

One advantage of Q-learning is that the algorithm’s strategy can be inferred di-

rectly from the Q-matrix, as we did in the above manual classification. While this

is easily done for k = 1, the complexity of the state space and hence the set of

all memory-k strategies grows exponentially in k. Analyzing and classifying the

strategies becomes a daunting task as the number of strategies that differ only in

inessential off-path states grows in k. We circumvent the complexity problem by

estimating the proportions of the strategies from a fixed set of potential strategies.

Result 6. With memory two or three, the most frequent strategies learned by the

algorithms are AllD and those in the TFT and WShLSh families.

Table S.7: Strategies used for the estimation

Strategy Family Included Strategies

Grim Trigger Strategies Grim, Grim2, Grim3, DGrim2, DGrim3

Tit-for-Tat Strategies Tit-for-Tat, Suspicious Tit-for-Tat, Tit-for-Two-Tats,

Tit-for-Three-Tats, Two-Tits-for-One-Tat, Two-Tits-for-Two-Tats,

Suspicious Tit-for-Two-Tats, Suspicious Tit-for-Three-Tats

Win-Stay-Lose-Shift Win-Stay-Lose-Shift, WSLS (memory 2), WSLS (memory 3)

Win-Shift-Lose-Shift WShLSh, Suspicious WShLSh, WShLSh (memory 2),

WShLSh (memory 3)

Single Strategies

Always Cooperate

Always Defect

False cooperator (C-to-Always Defect)

DC Alternator

T2

Note: This table lists all 25 strategies used in the strategy frequency estimation. Strategies are

grouped into families in the paper if they have similar behavioural logic. Ungrouped strategies

are listed individually. For full definitions and implementation details, see Fudenberg et al.

(2012) and the main text.

We now ask which strategies the algorithms learn when they have higher mem-

ory. Table S.8 reports how the distribution of learned strategies depends on the

memory length k. Now that memory-two and -three strategies are feasible for the

algorithm, we indeed observe higher-memory strategies. In particular, an increase

in k goes along with higher-memory versions of WShLSh, which typically co-exist
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with lower-memory versions. For high (δ, R)-pairs, the occurrence of the WShLSh-

family is roughly constant in k, but their decomposition changes. Moreover, for

k = 2, there is now a non-negligible share of TF2T. With k = 3, we also observe

2TF2T. Similarly, the memory-one strategy DCAlt becomes relevant. Figure S.1

summarizes the strategy estimation comparable to Figure 3 in the main text.

With higher memory, we see that the share of AllC and WSLS decreases while the

share of the TFT family increases. To account for higher memory, we collect the

strategies in families; e.g., the WSLS family has three members, namely WSLS

with memory one, two, and three, respectively. Table S.7 provides the details.

Table S.8 also shows that algorithms hardly ever adopt strategies from the

grim trigger family. GT is never played for most parameter combinations. Its

highest estimated share is 0.1%.

Result 7. Under partner matching, algorithms hardly ever learn grim trigger

strategies.

This finding is specific to the partner-matching protocol. As we show in Sec-

tion 7 in the main text, grim trigger becomes the dominant cooperative strategy

when algorithms are rematched across supergames in larger matching groups.
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Figure S.1: Strategy frequency estimation of algorithmic data by δ-R
treatment.

Note: The figure reports SFEM results for the baseline parameters α = 0.15, ν = 20.

The WSLS∗ family includes WSLS with memory 1, 2, and 3. The WShLSh∗ family

includes WShLSh with memory 1, 2, and 3 and suspicious WShLSh. The TFT∗ family

includes TFT, TF2T, TF3T, 2TFT, 2TF2T, and the suspicious variants. See Table

S.7 for details.
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Table S.8: Distribution of strategies by k and treatment

k δ R AllC AllD TFT DTFT TF2T 2TFT 2TF2T WSLS DCAlt WShLSh 2WShLSh 3WShLSh σ

1 0.50 32 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
48 0.0 93.3∗∗∗ 0.0 1.3∗∗∗ 0.0 0.0 0.0 0.0 0.0 5.3∗∗∗ 0.0 0.0 1.00

0.75 32 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 99.6∗∗∗ 0.0 0.0 0.0 0.0 0.0 0.3∗ 0.0 0.1∗∗∗ 0.0 0.0 1.00
48 4.4∗∗∗ 48.6∗∗∗ 2.2∗∗∗ 0.8∗∗ 0.0 0.0 0.0 4.4∗∗∗ 1.8∗∗∗ 37.8∗∗∗ 0.0 0.0 0.98

0.90 32 3.2∗∗∗ 79.7∗∗∗ 3.7∗∗∗ 9.9∗∗∗ 0.2 0.0 0.0 1.2∗∗∗ 1.0∗∗∗ 0.4∗∗∗ 0.0 0.0 0.99
40 8.9∗∗∗ 47.8∗∗∗ 7.7∗∗∗ 7.4∗∗∗ 0.0 0.0 0.0 18.7∗∗∗ 1.5∗∗∗ 7.7∗∗∗ 0.0 0.0 0.99
48 11.9∗∗∗ 3.8∗∗∗ 10.2∗∗∗ 1.0∗∗ 0.0 0.0 0.0 15.6∗∗∗ 1.2∗∗∗ 56.2∗∗∗ 0.0 0.0 0.99

0.95 32 12.0∗∗∗ 39.6∗∗∗ 14.9∗∗∗ 19.0∗∗∗ 0.0 0.0 0.0 10.4∗∗∗ 1.4∗∗∗ 2.1∗∗∗ 0.0 0.0 0.99
40 18.0∗∗∗ 27.0∗∗∗ 13.8∗∗∗ 12.2∗∗∗ 0.0 0.0 0.0 18.8∗∗∗ 0.9∗∗ 9.2∗∗∗ 0.0 0.0 0.99
48 10.3∗∗∗ 3.8∗∗∗ 7.3∗∗∗ 2.9∗∗∗ 0.0 0.0 0.0 10.1∗∗∗ 1.3∗∗∗ 64.2∗∗∗ 0.0 0.0 0.99

2 0.50 32 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
48 0.0 98.4∗∗∗ 0.0 0.8∗∗ 0.0 0.0 0.0 0.0 0.0 0.0 0.8∗∗ 0.0 1.00

0.75 32 0.0 99.9∗∗∗ 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 97.2∗∗∗ 0.9∗∗∗ 0.2 0.2 0.7∗ 0.0 0.1 0.0 0.2∗∗∗ 0.0 0.0 1.00
48 1.0∗∗ 60.4∗∗∗ 5.4∗∗∗ 1.1∗∗ 2.1∗∗∗ 1.0∗∗ 0.4 1.1∗∗ 0.8∗∗ 4.0∗∗∗ 18.4∗∗∗ 0.0 0.97

0.90 32 0.4∗ 70.8∗∗∗ 4.2∗∗∗ 9.0∗∗∗ 1.6∗∗∗ 3.3∗∗∗ 2.0∗∗∗ 0.3 1.1∗∗ 4.2∗∗∗ 1.4∗∗∗ 0.0 0.95
40 3.7∗∗∗ 36.8∗∗∗ 15.2∗∗∗ 6.2∗∗∗ 9.1∗∗∗ 4.4∗∗∗ 2.0∗∗ 0.8∗ 2.5∗∗∗ 10.3∗∗∗ 4.0∗∗∗ 0.0 0.91
48 4.4∗∗∗ 3.3∗∗∗ 15.0∗∗∗ 2.7∗∗∗ 8.9∗∗∗ 3.3∗∗∗ 1.7∗∗ 2.1∗∗∗ 4.7∗∗∗ 20.0∗∗∗ 30.0∗∗∗ 0.0 0.92

0.95 32 0.7∗∗ 30.7∗∗∗ 14.1∗∗∗ 17.2∗∗∗ 4.3∗∗∗ 2.2∗∗∗ 4.4∗∗∗ 0.2 5.2∗∗∗ 12.4∗∗∗ 3.5∗∗∗ 0.0 0.89
40 1.5∗∗∗ 16.7∗∗∗ 14.6∗∗∗ 10.2∗∗∗ 8.4∗∗∗ 1.7∗∗∗ 1.4∗∗ 0.8∗∗ 5.5∗∗∗ 27.1∗∗∗ 5.2∗∗∗ 0.0 0.85
48 3.8∗∗∗ 2.3∗∗∗ 6.4∗∗∗ 2.4∗∗∗ 5.8∗∗∗ 1.4∗∗ 0.0 0.6∗ 6.0∗∗∗ 26.3∗∗∗ 41.0∗∗∗ 0.0 0.88

3 0.50 32 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
48 0.0 98.3∗∗∗ 0.1 0.3 0.0 0.6∗ 0.0 0.1 0.0 0.0 0.0 0.1 1.00

0.75 32 0.0 100.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.00
40 0.0 98.9∗∗∗ 0.0 0.0 0.0 0.5∗ 0.2 0.0 0.0 0.1∗∗∗ 0.0 0.0 1.00
48 0.9∗ 68.5∗∗∗ 3.5∗∗∗ 0.9∗∗ 1.1∗∗ 5.3∗∗∗ 3.2∗∗∗ 1.0∗∗ 0.1 3.4∗∗∗ 2.4∗∗∗ 5.2∗∗∗ 0.96

0.90 32 0.0 87.0∗∗∗ 2.2∗∗∗ 4.1∗∗∗ 0.1 0.1 1.6∗∗∗ 0.0 0.4∗ 1.5∗∗∗ 1.6∗∗∗ 0.7∗∗ 0.97
40 0.1 57.8∗∗∗ 7.6∗∗∗ 5.7∗∗∗ 2.0∗∗∗ 2.2∗∗∗ 1.9∗∗∗ 0.5∗ 2.2∗∗∗ 8.3∗∗∗ 7.1∗∗∗ 2.3∗∗∗ 0.91
48 1.8∗∗ 5.6∗∗∗ 11.7∗∗∗ 4.7∗∗∗ 4.9∗∗∗ 4.3∗∗∗ 3.7∗∗∗ 1.2∗∗ 3.7∗∗∗ 24.0∗∗∗ 14.3∗∗∗ 13.5∗∗∗ 0.83

0.95 32 0.2 26.3∗∗∗ 18.7∗∗∗ 24.2∗∗∗ 0.4∗ 0.6∗ 5.2∗∗∗ 1.5∗∗∗ 2.4∗∗∗ 8.3∗∗∗ 7.2∗∗∗ 2.6∗∗∗ 0.92
40 0.3 15.9∗∗∗ 17.2∗∗∗ 13.3∗∗∗ 0.8∗ 3.0∗∗∗ 3.0∗∗∗ 0.2 5.5∗∗∗ 20.2∗∗∗ 10.4∗∗∗ 4.8∗∗∗ 0.84
48 0.8∗∗ 3.5∗∗∗ 5.4∗∗∗ 5.6∗∗∗ 2.5∗∗∗ 2.3∗∗∗ 0.4 0.8∗ 6.5∗∗∗ 36.8∗∗∗ 16.2∗∗∗ 17.0∗∗∗ 0.84

Note: Strategies that never exceed 5% are omitted. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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S.2.3 Comparison of human and memory-one algorithmic

strategies

The SFEMwas also used to estimate the strategies humans play. Figure 3(b) shows

the strategy frequency estimates for the data from our human-subject experiments

with δ ≥ 0.90 and R ≥ 40. For other treatments, the figure reports estimates from

papers that use different underlying strategy sets, which explains the frequency of

“other” strategies.

We now investigate whether the previously identified differences in the strate-

gies used by k = 1 algorithms and humans (both based on the SFEM) are sta-

tistically significant.5 To this end, we proceed as follows. First, we estimate the

strategy frequency for humans using both the data collected by us and by previous

studies, restricting the set of strategies to those that have at least a 0.05 propor-

tion within a given treatment. We then estimate the strategy frequency for the

Q-learning algorithms under both the restricted and unrestricted sets of strategies.

We store the goodness-of-fit estimates as well as the log-likelihood values. In the

third step, we use a log-likelihood ratio test to assess whether restricting the set

of strategies to those used by humans results in a loss of information.

The results are shown in Table S.9. For δ = 0.5 and low values of R, we

cannot reject the hypothesis that algorithmic strategies lie within the set of human

strategies. This makes intuitive sense, as algorithms always play AllD in these

treatments, and humans also frequently use AllD for these parameterizations of

the game. However, as we increase δ and R, we see that the goodness-of-fit

parameter σ is lower in the constrained model compared to the unconstrained

model. Moreover, the log-likelihood value is larger for the unconstrained model

than for the constrained model (as must be true for nested models), with the

likelihood ratio close to zero.

The log-likelihood ratio tests reject the hypothesis that the algorithms’ strate-

gies can be fully captured by the set of strategies used by humans, with p-values

consistently approaching zero for δ ≥ 0.75 and R ≥ 40. This suggests that restrict-

ing the set of strategies to those used by humans results in a loss of information.

The strategies that algorithms use are not necessarily well approximated by the set

of human strategies for these game parameterizations. This is consistent with the

observation that algorithms often use WSLS and WShLSh strategies that humans

never use.

5We thank the editor for suggesting this test.
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Table S.9: Log-likelihood Ratio Test

δ R σ LL LC

LUC
p-value

Unconstr. Constr. Unconstr. Constr.

0.50 32 1.00 1.00 0.0 0.0 1 1.00
0.50 40 1.00 1.00 0.0 0.0 1 1.00
0.50 48 1.00 0.97 -634.8 -6165.3 < 0.001 0.00
0.75 32 1.00 1.00 0.0 0.0 1 1.00
0.75 40 1.00 1.00 -60.5 -324.1 < 0.001 0.00
0.75 48 0.98 0.80 -5354.8 -25685.8 < 0.001 0.00
0.90 32 0.99 0.99 -3527.9 -4157.3 < 0.001 0.00
0.90 40 0.99 0.93 -5233.8 -13082.1 < 0.001 0.00
0.90 48 0.99 0.69 -5437.3 -31322.0 < 0.001 0.00
0.95 32 0.99 0.97 -4821.8 -7834.2 < 0.001 0.00
0.95 40 0.99 0.92 -4947.5 -15283.1 < 0.001 0.00
0.95 48 0.99 0.65 -5301.6 -32688.4 < 0.001 0.00

Note: δ represents the discount factor, and R is the reward parameter. σ is the
goodness-of-fit measure from the frequency estimations, with higher values in-
dicating a better fit. LL refers to the log-likelihood of the model, and LC/LUC

is the likelihood ratio comparing the constrained (C) and unconstrained (UC)
models. The p-value corresponds to the log-likelihood ratio test, assessing
whether restricting the AI strategies to human strategies results in a worse
model fit.

S.2.4 Impact of hyperparameters on strategy choice

To further investigate the determinants of strategies played by algorithms, we

conduct a multinomial logit regression. We consider the impact of the game and

hyperparameters on the (families of) strategies AllC, WSLS, WShLSh, and TFT.

The remaining strategies are pooled together as “Other” and used as the baseline

group for the multinomial logit. Importantly, AllD belongs to the baseline group.

For each parameter configuration, we compute the log odds ratio ∆i = log(fi/f0),

where f0 denotes the fraction of strategies classified as “Other”, and fi the fraction

of strategies classified as i.

Table S.10 reports the regression estimates for memory-one algorithms and

manually classified strategy frequencies; we regress ∆i on a constant, the game

parameters R and δ, and the hyperparameters α and ν, where we log-transform ν

to account for the exceptionally large differences between the values of ν. Ceteris

paribus, all of the non-other strategies are less prevalent than “Other.” This is

intuitively consistent with algorithms always defecting for these parameter values.

In contrast, the prevalence of all the main cooperative strategies increases in R and
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δ. The learning rate α has no significant impact on the frequency of any strategy.

The exploration parameter ν, however, has a negative impact on all strategies

except WSLS. To elaborate on the effect of ν, recall that the cooperative rates

depend in a non-linear way on the game parameters (δ, R) and the exploration

parameter ν; cooperation increases in ν for sufficiently high δ and R but decreases

otherwise. Hence, cooperative strategies such as WSLS decrease in ν when δ < 0.9

or R < 40 (at the expense of AllD). Otherwise, WSLS increases in ν. The effect

of ν on the other cooperative strategies is negative. The parameter estimate of

WSLS is therefore the compound effect (negative for low (δ, R) and positive for

high (δ, R)).

Table S.10: Determinants of strategies (manual SFEM, multinomial
logit, k = 1 only)

Const. R δ α log(ν)

AllC -27.35∗∗∗ (1.29) 0.39∗∗∗ (0.02) 17.38∗∗∗ (0.90) 0.98 (2.22) -0.28∗∗∗ (0.08)

WSLS -29.34∗∗∗ (1.29) 0.34∗∗∗ (0.02) 21.65∗∗∗ (0.90) 1.18 (2.22) 0.01 (0.08)

WShLSh -27.31∗∗∗ (1.29) 0.47∗∗∗ (0.02) 16.71∗∗∗ (0.90) 3.40 (2.22) -0.80∗∗∗ (0.08)

TFT -22.34∗∗∗ (1.29) 0.32∗∗∗ (0.02) 17.14∗∗∗ (0.90) -1.50 (2.22) -0.63∗∗∗ (0.08)

To study the entire data and the effect of memory k, we also compute the log

odds ratio ∆i for all numerical treatments and then regress ∆i on the covariates R,

δ, α, log(ν) and k, and a constant. The results are shown in Table S.11. Again,

ceteris paribus, all of these strategies are less prevalent than “Other”, and also

less so as k increases. The negative effect of memory might be due to the number

of “Other” strategies growing exponentially in k. In contrast, the prevalence of

“Other” decreases in R and δ. The effect of α and ν differs across strategies:

WSLS and WShLSh increase in α (again, relative to “Other”), whereas AllC and

TFT decrease; however, none of these effects is statistically significant. The effect

of ν is negative for WShLSh but positive for the other strategies.

Table S.11: Determinants of strategies (multinomial logit)

Const. R δ α log(ν) k

AllC -8.36∗∗∗ (0.37) 0.07∗∗∗ (0.01) 2.83∗∗∗ (0.25) -0.17 (0.61) 0.06∗∗ (0.02) -0.53∗∗∗ (0.05)

WSLS -10.53∗∗∗ (0.37) 0.09∗∗∗ (0.01) 4.33∗∗∗ (0.25) 0.45 (0.61) 0.22∗∗∗ (0.02) -0.62∗∗∗ (0.05)

WShLSh -10.73∗∗∗ (0.37) 0.12∗∗∗ (0.01) 4.70∗∗∗ (0.25) 0.06 (0.61) -0.05∗ (0.02) -0.41∗∗∗ (0.05)

TFT -11.26∗∗∗ (0.37) 0.08∗∗∗ (0.01) 5.39∗∗∗ (0.25) -0.11 (0.61) 0.11∗∗∗ (0.02) -0.08 (0.05)
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S.2.5 Algorithmic strategies with memory one

As a robustness check, we now estimate the strategy frequencies within the set of

memory-one strategies for memory-one algorithms. An algorithm with memory

length one (k = 1) cannot learn a strategy that requires higher memory. In our

main SFEM specification, this possibility is not ruled out and hence might arise

due to noise introduced in the SFEM procedure.

The memory-one strategies we now investigate are the following: AllC, AllD,

CtoD, TFT, DFFT, Grim, WSLS, DCAlt, and WShLSh. The results of the ad-

justed SFEM are shown in Table S.12. Comparing with the baseline results from

Table S.8, we find that the SFEM is very robust to our adjustments. Even when

strategies with memory two were enabled, SFEM very rarely classified observed

strategies as such, and hence omitting them is inconsequential. Our interpretation

of these results is that our main specification and the following results are robust

to the adjustments made in this robustness check.

Table S.12: Distribution of strategies by experiment for k = 1, mem-
ory one strategies only.

δ R AllC AllD TFT DTFT WSLS WShLSh σ

0.50 32 0.0 100.0 0.0 0.0 0.0 0.0 1.00

40 0.0 100.0 0.0 0.0 0.0 0.0 1.00

48 0.1 93.3∗∗∗ 0.0 1.3∗∗∗ 0.0 5.3∗∗∗ 1.00

0.75 32 0.0 100.0 0.0 0.0 0.0 0.0 1.00

40 0.0 99.6∗∗∗ 0.0 0.0 0.3∗ 0.1∗∗∗ 1.00

48 4.4∗∗∗ 48.6∗∗∗ 2.2∗∗∗ 0.8∗∗ 4.4∗∗∗ 37.8∗∗∗ 0.98

0.90 32 3.4∗∗∗ 79.7∗∗∗ 3.7∗∗∗ 10.3∗∗∗ 1.2∗∗∗ 0.6∗∗∗ 0.99

40 9.1∗∗∗ 47.8∗∗∗ 7.7∗∗∗ 7.4∗∗∗ 18.7∗∗∗ 7.8∗∗∗ 0.99

48 11.9∗∗∗ 3.8∗∗∗ 10.2∗∗∗ 1.0∗∗ 15.6∗∗∗ 56.2∗∗∗ 0.99

0.95 32 12.1∗∗∗ 39.6∗∗∗ 14.9∗∗∗ 19.4∗∗∗ 10.4∗∗∗ 2.1∗∗∗ 0.99

40 18.1∗∗∗ 27.0∗∗∗ 13.8∗∗∗ 12.2∗∗∗ 18.8∗∗∗ 9.1∗∗∗ 0.99

48 10.3∗∗∗ 3.8∗∗∗ 7.3∗∗∗ 2.9∗∗∗ 10.1∗∗∗ 64.2∗∗∗ 0.99

S.2.6 Classifying the algorithms’ strategies

To understand the influence of the different parameters on the adopted strategies,

we classify the strategies into the categories proposed by Fudenberg et al. (2012).

All strategies except AllD and DTFT are classified as cooperative. The set of
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lenient strategies includes TF2T, TF3T, 2TF2T, Grim2 and Grim3. The forgiving

strategies are TFT, TF2T, TF3T, 2TFT, 2TF2T. Note that this classification is

not mutually exclusive, e.g., TFT is both cooperative and forgiving.

In Table S.13, we analyze the incidence of strategy categories for all α-ν com-

binations. Recall that average cooperation was found to increase in δ and R. All

three strategy classes increase in δ and R. This may be due to AllD becoming less

likely as these parameters increase. The learning rate α has no significant impact

on the strategy class, which may be surprising because the average effect of α on

average cooperation is negative.

The analysis reveals interesting differences of the effect of memory length k.

Although higher memory length increases average cooperation, we see in Table

S.13 that this effect is not uniformly driven by cooperative, lenient, and forgiving

strategies. Indeed, there is no statistically significant effect of k for cooperative

strategies. The effect of k is only statistically significant for lenient and forgiving

strategies. Therefore, we conclude that memory increases the average cooperation

rates mostly through an increase of lenient and forgiving strategies.

Table S.13: Determinants of strategy categories

(1) (2) (3)
Cooperative Lenient Forgiving

δ 119.06∗∗∗ 8.49∗∗∗ 33.07∗∗∗

(4.61) (0.56) (1.77)
R 2.46∗∗∗ 0.13∗∗∗ 0.37∗∗∗

(0.12) (0.02) (0.05)
k = 2 1.44 3.13∗∗∗ 6.30∗∗∗

(1.98) (0.24) (0.76)
k = 3 2.02 2.01∗∗∗ 6.60∗∗∗

(1.98) (0.24) (0.76)
α −10.66 −1.47 −4.89

(11.41) (1.39) (4.37)
ν 0.00∗ −0.00 0.00

(0.00) (0.00) (0.00)
Constant −166.02∗∗∗ −11.42∗∗∗ −37.38∗∗∗

(6.52) (0.79) (2.50)
N 900 900 900

Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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S.2.7 Properties of the limiting strategy profile

Instead of analyzing limiting strategies in isolation, we investigate in Table S.14 the

joint distribution of strategies. Specifically, we investigate the equilibrium cycle

length of the strategies at convergence and the fraction of states on the equilibrium

path where both players play the same actions. We do this both for our main (α,

ν) specification (columns (1) and (3)) and for all specifications (columns (2) and

(4)).

We find that δ, R, and the memory length k not only positively influence

average cooperation rates but also result in strategy profiles that involve more

nodes on the equilibrium path (columns (1) and (2)). Thus, higher cooperation

rates are not driven by increased usage of simple strategies such as AllC, but rather

by more involved strategies like WShLSh that are more cooperative on average.

The influence of the learning and exploration parameters α and ν is negative—

more exploration reduces the cycle length. For algorithms with higher memory

length k, it is more likely that algorithms converge to a state that involves at least

partial cooperation, increasing the average cooperation.

Table S.14: Cycle length and same actions

(1) (2) (3) (4)
Cycle length Cycle length Frac. same a Frac. same a

δ 2.88∗∗∗ 1.24∗∗∗ −48.38∗∗∗ −21.86∗∗∗

(0.03) (0.00) (0.65) (0.10)
R 0.04∗∗∗ 0.02∗∗∗ 0.20∗∗∗ 0.13∗∗∗

(0.00) (0.00) (0.02) (0.00)
k = 2 0.51∗∗∗ 0.13∗∗∗ −9.31∗∗∗ −2.16∗∗∗

(0.01) (0.00) (0.28) (0.04)
k = 3 0.76∗∗∗ 0.31∗∗∗ −12.03∗∗∗ −4.67∗∗∗

(0.01) (0.00) (0.28) (0.04)
α −0.49∗∗∗ 14.67∗∗∗

(0.01) (0.24)
ν −0.00∗∗∗ 0.01∗∗∗

(0.00) (0.00)
Constant −2.47∗∗∗ −0.32∗∗∗ 126.83∗∗∗ 105.88∗∗∗

(0.04) (0.01) (0.88) (0.14)
Mean 1.62 1.28 90.36 95.67

Subsample (α = 0.15, ν = 20) All (α = 0.15, ν = 20) All
N 36000 899975 36000 899975

Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

This claim finds additional support when we examine the fraction of states on

the equilibrium path where both players play the same actions (columns (3) and

(4)). This fraction is negatively affected by δ and k. This again implies that higher
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cooperation rates are driven by a higher propensity for players to play opposing

actions in certain states.

This idea only holds in the non-stationary setting of competing against another

player whose action may also change over time, i.e., before convergence. This

could not happen in a stationary setting where a Q-learning agent always learns

the best response. Thus, there is an interesting analogy to the “meeting of minds”

concept of collusion in competition policy. A Q-learning agent in isolation behaves

individually optimal. When paired with one another, the outcome may closely

resemble the coordinated outcome, despite the lack of explicit communication.6

6A similar argument also explains why mutual cooperation can arise in memoryless strategies,
despite the fact that cooperation is clearly dominated.
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Table S.15: The prisoner’s dilemma with normalized payoffs

C D
C 1, 1 −ℓ, 1 + g
D 1 + g, −ℓ 0, 0

S.3 Determinants of algorithmic cooperation

We draw upon the experimental literature to form our hypotheses about the de-

terminants of algorithmic cooperation. The experimental literature has identified

several factors that shape human cooperation (Dal Bó and Fréchette, 2018, Em-

brey et al., 2018, Mengel, 2018). We consider four factors where we conjecture that

these are also relevant for algorithmic cooperation.7 Except for the first hypoth-

esis, which is also stated in the main text, we develop the theoretical predictions

with normalized payoffs where mutual cooperation leads to a payoff of 1 and mu-

tual defection to a payoff of 0. In Table S.15, g then stands for the payoff the

player gains when defecting (instead of cooperating) while the other player coop-

erates, and ℓ represents the payoff loss when cooperating (instead of defecting)

while the other player defects. Naturally, both g and ℓ are positive.

S.3.1 Hypotheses

The experimental literature has shown that cooperation among humans can be

expected to increase in the discount factor and the reward parameter (Dal Bó

and Fréchette, 2018). A higher discount factor δ increases the probability of

future interactions and makes cooperation more attractive compared to short-run

gains from defection. A larger reward payoff generally makes cooperation more

attractive. Our first hypothesis is stated in the main text: We expect cooperation

among self-learning algorithms to increase in R and δ.

Second, cooperation rates tend to be higher in experiments with humans when

cooperation can be supported in an SPNE (Dal Bó and Fréchette, 2011, 2018).

The condition is formalized through a binary variable that takes the value 1 when

the payoff parameters (δ, g, ℓ) are such that GT forms an SPNE and 0 otherwise.

7There are also other factors that influence human cooperation rates. For example, in lab
experiments, an important determinant of average cooperation is the level of cooperation in pe-
riod one (Breitmoser, 2015, Dal Bó and Fréchette, 2018). Whereas this allows for a parsimonious
restriction of the analysis to the first period, there is no comparable counterpart in self-learning
algorithms.
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Formally (GT, GT) is an SPNE if

1 + δ + δ2 + δ3 + . . . ≥ 1 + g + δ · 0 + δ2 · 0 + δ3 · 0 + . . . ⇔ δ ≥ g

1 + g
≡ δSPNE,

that is, if the discount factor is above the critical value δSPNE. The mere fact

that cooperation is part of an equilibrium does not guarantee cooperation in lab

experiments; the discount factor being sufficiently large is more of a necessary

condition for cooperation than a sufficient one (Dal Bó and Fréchette, 2018). We

conjecture that this also holds for algorithms.

Hypothesis 2. A necessary but not sufficient condition for self-learning algo-

rithms with k > 0 to cooperate is that grim trigger forms an SPNE.

Hypothesis 2 does not claim that Q-learning results in strategies that are always

subgame perfect. Moreover, we know that Q-learning can lead to cooperative

outcomes even in the absence of memory (Asker et al., 2024, Dolgopolov, 2024,

Banchio and Mantegazza, 2022), so subgame perfection cannot play a role in that

case. We hypothesize that a necessary condition for cooperation to emerge with

k > 0 is that the discount factor is high enough for the grim trigger strategy to

be subgame perfect.

The third determinant of cooperation in lab experiments is the size of the

basin of attraction of always defect, “sizeBAD” (Dal Bó and Fréchette, 2011,

2018), which is a measure for how robust cooperation is to strategic uncertainty.

To define the basin of attraction, consider a hypothetical coordination game in

which the players choose between the repeated-game strategies GT and AllD. In

this game, the players believe that the opponent plays GT with probability p and

AllD with probability 1−p. The basin of attraction of AllD is then defined as the

maximum p that makes AllD the best response. We use p to denote sizeBAD. To

find the formula for p, compare the expected payoff from playing GT, p/(1− δ) +

(1 − p) · (−ℓ), to the expected payoff from AllD, p · (1 + g) + (1 − p) · 0. If GT

forms an SPNE, the expected payoff of GT is (weakly) larger than that of AllD if

and only if

p ≥ (1− δ)ℓ

1− (1− δ)(1 + g − ℓ)
≡ p. (1)

However, if GT does not form an SPNE, set p equal to 1.

Hypothesis 3. Algorithmic cooperation decreases in sizeBAD.

A related fourth determinant of cooperation is Risk Dominance (Blonski et al.,

2011, Blonski and Spagnolo, 2015). Specifically, cooperation is found to be higher
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in the infinitely repeated prisoner’s dilemma if in the hypothetical coordination

game consisting of AllD and GT, the cooperative GT equilibrium is risk dominant

(RD). This is the case if the discount factor is sufficiently high. To find the

minimum discount factor for risk dominance, assume that both strategies are

equally likely and substitute p = 1/2 in equation 1 (Harsanyi and Selten, 1988).

This leads to the critical discount factor

δ ≥ g + ℓ

1 + g + ℓ
≡ δRD,

as in Blonski et al. (2011, Proposition 2, page 175).

Hypothesis 4. Algorithmic cooperation is higher when cooperation is risk domi-

nant, i.e., when δ ≥ δRD.

Table S.16 summarizes the first two dimensions of our treatments and provides

the theoretical predictions. The table entry for each variant shows whether GT

can be supported as SPNE, and whether the specification satisfies the Risk Dom-

inance (RD) criterion. For GT, the thresholds for δ are 0.72, 0.40 and 0.08 for

R = 32, 40, and 48, respectively. For RD, the thresholds δRD are 0.82, 0.61 and

0.39 for R = 32, 40, and 48, respectively. As seen above, these are potentially im-

portant determinants of cooperation. The table also reports the size of the basin

of attraction of AllD.

Table S.16: Experiments

R = 32 R = 40 R = 48

δ = 0.50 No criterion met GT GT, RD
p = 1.000 p = 0.722 p = 0.383

δ = 0.75 GT GT, RD GT, RD
p = 0.813 p = 0.271 p = 0.163

δ = 0.90 GT, RD GT, RD GT, RD
p = 0.224 p = 0.094 p = 0.060

δ = 0.95 GT, RD GT, RD GT, RD
p = 0.102 p = 0.045 p = 0.029

There are also hypotheses that relate to the specific Q-learning algorithms and

that have no human counterpart. Based on Calvano et al. (2020, Figure 1), we

conjecture that cooperation decreases in α and β. As ν decreases in β, we expect

cooperation to increase in ν.
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Hypothesis 5. The level of cooperation among self-learning algorithms decreases

in α and increases in ν.

S.3.2 Results

We now ask how cooperation rates are affected when cooperative equilibria exist.

We formalize this using a binary variable that takes the value of one if the discount

factor δ exceeds δSPNE, and zero otherwise. Table S.16 shows for which treatments

this condition is met. From the cooperation rates in Figure 2a, we note three points

regarding δSPNE. First, there is no cooperation in treatment (δ = 0.5, R = 32)

where GT is not an SPNE. Second, in all treatments with significant levels of

cooperation, GT does form an SPNE. Third, the fact that GT is an equilibrium

is not sufficient for cooperation. Indeed, for δ = 0.5 and R = 40 there is virtually

no cooperation, and there is very little cooperation in (δ = 0.5, R = 48) and

(δ = 0.75, R = 32). This is despite GT being an equilibrium in these cases. We

conclude with the following statement, which also has a human counterpart.

Result 9. A necessary but not sufficient condition for self-learning algorithms to

cooperate is that grim trigger forms an SPNE.

Table S.17: Determinants of average cooperation, α = 0.15, ν = 20

(1) (2) (3) (4)
δ 94.76∗∗∗

(0.77)
R 1.49∗∗∗

(0.02)
k = 2 −3.10∗∗∗ −3.10∗∗∗ −3.10∗∗∗ −3.10∗∗∗

(0.33) (0.38) (0.35) (0.33)
k = 3 −6.88∗∗∗ −6.88∗∗∗ −6.88∗∗∗ −6.88∗∗∗

(0.33) (0.38) (0.35) (0.33)
GT 10.47∗∗∗

(0.61)
RD 20.91∗∗∗

(0.34)
p −52.35∗∗∗

(0.45)
δ − δRD 76.07∗∗∗

(0.56)
Constant −108.01∗∗∗ 3.33∗∗∗ 42.15∗∗∗ 12.21∗∗∗

(1.04) (0.59) (0.29) (0.25)
N 36000 36000 36000 36000

Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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The next potential determinant of cooperation is risk dominance (Blonski et

al., 2011, Blonski and Spagnolo, 2015). We expect cooperation to be higher when

δ ≥ δRD. For example, Table S.16 shows that for δ = 0.5, GT is risk dominant

only when R = 48. Looking at Figure 2a and δ = 0.5, while cooperation does

indeed increase as R increases from 40 to 48, the gain in cooperation is very modest

(from 0 to 2.75%). Nevertheless, Figure 2a suggests a positive influence of the RD

criterion on cooperation.

To systematically examine the influence of RD and GT on cooperation, we

drop δ and R as regressors and instead analyze whether a treatment satisfied the

condition for GT or RD in regression (2) of Table S.17. We find that cooperation

is indeed higher when there are cooperative equilibria and, in addition, when the

equilibrium is risk dominant. We take this as evidence in favor of Hypothesis 4,

where an analogous statement also holds for human players. In regression (4) in

Table S.17, we also find that cooperation increases in δ−δRD, which is an intuitive

measure of how risk dominant cooperation is.

Result 10. Algorithms cooperate more when cooperation is risk dominant.

The final determinant of cooperation that is motivated by human cooperation

is the size of the basin of attraction of always defect. A smaller basin of attraction

can be interpreted in the sense that cooperative strategies are more robust to

the uncertainty surrounding the other player’s strategy (Dal Bó and Fréchette,

2011). We investigate the role of p in regression (3) in Table S.17. The sign of the

estimated coefficient is negative, as expected by Hypothesis 3.

Result 11. Algorithmic cooperation decreases in sizeBAD.

In addition to the factors that determine human cooperation, we expect the

learning parameters to affect the cooperation rates of the algorithms. In the rest of

this section, we examine all data, not just the baseline parameters with α = 0.15

and ν = 20. We analyze the role of the learning parameters in Table S.18, where

we report the same set of regressions as in Table S.17 but now for all data and

with the additional controls α and ν.

Across all parameter specifications, the effect of α is negative and highly signifi-

cant, whereas the effect of ν is positive and significant. However, while the average

cooperation decreases in α and increases in ν, the impact of these learning pa-

rameters is ambiguous for given game parameters. For example, with memory

one, δ = 0.90 and R = 40, average cooperation is around 40% for ν = 20 but only

around 20% for ν = 1000. For ν = 20, and the same δ–R pair, average cooperation
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Table S.18: Determinants of average cooperation, all (α, ν)

(1) (2) (3) (4)
δ 96.40∗∗∗

(0.17)
R 1.95∗∗∗

(0.00)
k = 2 1.16∗∗∗ 1.16∗∗∗ 1.16∗∗∗ 1.16∗∗∗

(0.07) (0.09) (0.08) (0.08)
k = 3 0.24∗∗ 0.24∗∗ 0.24∗∗ 0.24∗∗

(0.07) (0.09) (0.08) (0.08)
α −8.38∗∗∗ −8.38∗∗∗ −8.38∗∗∗ −8.38∗∗∗

(0.43) (0.49) (0.47) (0.43)
ν 0.01∗∗∗ 0.01∗∗∗ 0.01∗∗∗ 0.01∗∗∗

(0.00) (0.00) (0.00) (0.00)
GT 4.58∗∗∗

(0.13)
RD 27.46∗∗∗

(0.08)
p −51.96∗∗∗

(0.10)
δ − δRD 85.48∗∗∗

(0.13)
Constant −135.29∗∗∗ −2.73∗∗∗ 34.38∗∗∗ 2.97∗∗∗

(0.25) (0.15) (0.10) (0.09)
N 900000 900000 900000 900000

Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

drops to around 16% as α is decreased from 0.15 to 0.05. Thus, there is no clear

support for Hypothesis 5.

Result 12. Average cooperation across all δ-R-k parameters decreases in α and

increases in ν. For a given game, the impact of α and ν is ambiguous.

Looking at the entire data and controlling for α and ν does not change most

of the previous insights. Cooperation still increases in R and δ, is higher when

GT is an SPNE, and risk dominance and sizeBAD have the expected influence on

cooperation. The only exception is the influence of memory on cooperation. Here,

for the general set of α and ν, the average effect of k is positive significant.
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S.4 Robustness checks

S.4.1 More exploration: Lower bound on ε

As a robustness check, we consider an alternative specification in which the expo-

nential decay of εt is bounded from below, specifically at εt ≥ 0.05. This ensures

that throughout the process, a minimal amount of exploration remains, arguably

more closely resembling the behavior of humans. The lower bound on exploration

renders the algorithms’ convergence, as defined earlier, as very unlikely. There-

fore, the “learning period” of the algorithms runs until the maximum number of

iterations is reached. Otherwise, we use the same baseline parameters. Note that

for k = 1 shown in the figures and tables below, using β = 2.31 × 10−5 implies

ν = 20 in the baseline.

Table S.19: ε lower bound: Average cooperation by treatment, β =
2.31× 10−5

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 0.10∗∗∗

0.75 0.00∗∗∗ 0.00∗∗∗ 15.63∗∗∗

0.90 0.00∗∗∗ 3.28∗∗∗ 84.29∗

0.95 0.40∗∗∗ 74.13 91.96∗∗∗

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table S.19 reports the average cooperation rates in the playing stage. The

cooperation rates are consistent with the finding that a higher ν (which also im-

plies more exploration) reduces average cooperation unless both δ and R are very

high. For these parameter values in the bottom-right corner (R = 48, δ = 0.95),

cooperation is higher than without the lower bound. The table also shows that

the cooperation rates differ significantly from those of humans. Humans cooperate

more unless δ and R are very high.

Figure S.2 depicts the strategy choice of the algorithms, using the manual

classification. Consistent with the lower cooperation rates for relatively low values

of δ and R, AllD is the most dominant strategy across the treatments. However,

WSLS and AllC become more popular for the highest value combinations of these

game parameters. The rise of AllC may seem surprising, because AllC does not

26



32 40 48
0

0.2

0.4

0.6

0.8

1

δ = 0.5

32 40 48

δ = 0.75

32 40 48

δ = 0.9

AllC WSLS WShLSh TFT AllD Other

32 40 48

δ = 0.95
Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, β = 2.31× 10−5.

Figure S.2: Lower bound on ε: Strategy choices of algorithms

form an SPNE. WSLS and AllC occur at the expense of WShLSh and TFT.

WShLSh does not fully disappear. For cooperative δ-R combinations, it is still

one of the four most frequent strategies.

S.4.2 Different initialization of Q-matrix (Calvano et al.)

As a second robustness check, we run a separate set of simulations in which we

initialize the Q-matrix as in Calvano et al. (2020) to investigate its influence on

cooperation rates and strategy choice. The initial Q-matrix is based on the future

discounted rewards that a player would expect to earn if their opponent just chose

actions randomly. Compared to our main initialization method, this yields higher

initial Q-values. We keep α = 0.15 and ν = 20 but vary memory k.
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Table S.20: Different initial Q-matrix: Average cooperation by treat-
ment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 2.80∗∗∗

0.75 0.00∗∗∗ 0.50∗∗∗ 31.47∗∗∗

0.90 7.97∗∗∗ 41.83 68.30

0.95 37.20 66.45 70.45

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table S.20 shows the average cooperation rates for the different initialization

of the Q-matrix. The main comparison between humans and algorithms also

holds under the alternative initial Q-matrix: Humans are more cooperative when

cooperation is relatively hard to sustain (low δ and R). However, the levels in

Table S.20 are somewhat higher than under the baseline initialization in Table S.3.
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32 40 48

δ = 0.95
Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, ν = 20.

Figure S.3: Different Q-matrix initialization (Calvano et al.): Strategy
choices of algorithms

Figure S.3 illustrates for the different initialization the most frequently learned

strategies when k = 1. The strategies are manually classified. The picture is
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qualitatively similar to the corresponding figure in the main text. The algorithms

largely adopt the same types of strategies for both initializations.

S.4.3 Different initialization of Q-matrix (Pessimistic)

As a robustness check, we repeated our simulation experiments with a “pes-

simistic” initialization of the Q-matrix, specifically with 12/(1 − δ) in all cells.

This initialization corresponds to the net present value of playing C forever, while

your opponent plays D forever, resulting in the worst possible payoff of 12 in every

period.

The results are shown in Table S.21 and Figure S.4. As these results show, our

main insights are robust to these changes in the initialization of the Q-matrix.

Table S.21: Average cooperation by treatment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 2.30∗∗∗

0.75 0.00∗∗∗ 0.50∗∗∗ 32.62∗∗∗

0.90 10.46∗∗∗ 39.85 66.15

0.95 34.52 58.71 63.05∗

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

29



32 40 48
0

0.2

0.4

0.6

0.8

1

δ = 0.5

32 40 48

δ = 0.75

32 40 48

δ = 0.9

AllC WSLS WShLSh TFT AllD Other

32 40 48

δ = 0.95
Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, ν = 20.

Figure S.4: Different Q-matrix initialization (Pessimistic): Strategy
choices of algorithms

S.4.4 Different initialization of Q-matrix (Midpoint)

As a robustness check, we repeated our simulation experiments with a “midpoint”

initialization of the Q-matrix, specifically with (12 + 50)/(2(1 − δ)) in all cells.

This initialization corresponds to the net present value of a constant payoff equal

to 31; the average of (C,D) and (D,C).

The results are shown in Table S.22 and Figure S.5. As these results show, our

main insights are robust to these changes in the initialization of the Q-matrix.

Table S.22: Average cooperation by treatment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 2.35∗∗∗

0.75 0.00∗∗∗ 0.25∗∗∗ 30.12∗∗∗

0.90 10.17∗∗∗ 41.28 67.27

0.95 37.02 67.35 67.80

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, ν = 20.

Figure S.5: Different Q-matrix initialization (Midpoint): Strategy
choices of algorithms

S.4.5 Different initialization of Q-matrix (Random)

As a robustness check, we repeated our simulation experiments with a different

“random” initialization of the Q-matrix, specifically with uniformly random values

on [12/(1−δ), 50/(1−δ)] in each cell. This initialization corresponds to a (uniform)

random draw from the set of feasible net present values, which is the interval with

extreme points given by the payoffs of (C,D) and (D,C).

The results are shown in Table S.23 and Figure S.6. As these results show, our

main insights are robust to these changes in the initialization of the Q-matrix.

Table S.23: Average cooperation by treatment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 2.65∗∗∗

0.75 0.00∗∗∗ 0.40∗∗∗ 31.63∗∗∗

0.90 11.28∗∗∗ 42.66 67.75

0.95 37.08 68.83 68.70

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, ν = 20.

Figure S.6: Different Q-matrix initialization (Random): Strategy
choices of algorithms

S.4.6 Different initialization of Q-matrix (Optimistic)

As a robustness check, we repeated our simulation experiments with an “opti-

mistic” initialization of the Q-matrix, specifically with 50/(1− δ) in all cells. This

initialization corresponds to the net present value of playing D forever, while your

opponent plays C forever, resulting in the best possible payoff of 50 in every period.

The results are shown in Table S.24 and Figure S.7. As these results show, our

main insights are robust to these changes in the initialization of the Q-matrix.

Table S.24: Average cooperation by treatment, ν = 20

k δ R = 32 R = 40 R = 48

1 0.50 0.00∗∗∗ 0.00∗∗∗ 2.15∗∗∗

0.75 0.00∗∗∗ 0.35∗∗∗ 29.57∗∗∗

0.90 9.40∗∗∗ 43.22 67.05

0.95 37.44 70.85 74.68

Note: This table depicts average cooperation rates by

algorithms, as well as the significance of a two-sided

Mann-Whitney-U-test relative to human cooperation

(see Table S.4). ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Note: The figure reports the manual classification for k = 1 for the baseline parameters
α = 0.15, ν = 20.

Figure S.7: Different Q-matrix initialization (Optimistic): Strategy
choices of algorithms
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S.4.7 Heatmaps

In order to investigate robustness of our main results, we present heatmaps in

(α, ν) space (for α ∈ {0.05, 0.10, 0.15, 0.20, 0.25} and ν ∈ {4, 20, 100, 450, 1000})
and for each k. For each set of hyperparameters, we have 12 parametrizations of

the game, namely R ∈ {32, 40, 48} and δ ∈ {0.50, 0.75, 0.90, 0.95}.
For each set of hyperparameters, we compute the difference between human

and algorithmic cooperation rates, averaged over the 12 parametrizations. The

average differences are in the range between 20 and 50 percentage points (and

hence strictly positive) for all 25 (α, ν)-combinations and for all k ∈ {1, 2, 3}. The
associated heatmaps are shown in Figure S.8.

Additionally, we compute the fraction of parametrizations for which average

human cooperation rates are higher than those of algorithms. These fractions

exceed 75% for all hyperparameters and k. The associated heatmaps are shown

in Figure S.9.
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(a) k = 1

(b) k = 2

(c) k = 3

Figure S.8: Heatmaps with average differences between human and
algorithmic cooperation rates

Note: These figures show the difference of human and algorithmic cooperation rates,

averaged over the 12 parametrizations of δ and R.
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(a) k = 1

(b) k = 2

(c) k = 3

Figure S.9: Heatmaps with fractions where human cooperation rates
are higher than algorithmic cooperation rates

Note: These figures show the fraction of parametrizations of δ and R where human

cooperation rates are higher than algorithmic cooperation rates.
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S.5 Q-Learning

Let S and A denote the sets of states and actions, respectively. Q-learning agents

aim to maximize the sum of discounted payoffs πt, where the per-period payoff πt

depends on state st ∈ S and the chosen action profile, including the algorithm’s

at ∈ A. The Bellman equation expresses the optimization problem:

V (st) = max
at

{E[πt|st, at] + δE[V (st+1)|st, at]} (2)

with δ ∈ [0, 1) being the discount factor. Importantly, the Q-learning agent does

not have prior knowledge about the environment it interacts with. Hence, it does

not know which action is optimal in the current state. In Q-learning, the Bellman

equation is rewritten as the Q-function

Q(st, at) = E[πt|st, at] + δE[max
a

Q(st+1, a)|st, at]. (3)

The Q-function can be expressed as an |S| × |A| matrix when A and S are finite.

Each cell of this Q-matrix then represents the approximation of the expected

discounted stream of rewards for a specific state-action combination.

In each period t the Q-learning agent picks an action at and updates the Q-

matrix as a weighted average between the past approximation of the state-action

value and the newly learned information:

Qt+1(st, at) = (1− α)Qt(st, at) + α(πt + δmax
a

Qt(st+1, a)) (4)

The parameter α ∈ [0, 1) is the learning rate. It governs the weight which is

given to newly arriving information. The agent does not learn α but it is a

hyperparameter that is set by the researcher or the developer of the algorithm.

Exploration and exploitation. In each period, the agent has to decide which

action to choose conditional on observing the current state. Given the current Q-

matrix, the agent should pick the profit-maximizing action a∗t = argmaxa Q(st, a).

However, the Q-matrix is an approximation and might not reflect the true envi-

ronment. Hence, the algorithm should also explore the performance of different

actions. For instance, some actions might be underexplored in the given period

and yield a higher reward than the current approximation might suggest. Thus,

the agent faces a trade-off between exploring the action space and exploiting the

information it already has about the environment. To circumvent the trade-off,
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the ε-greedy algorithm is used in Q-learning.8 With probability 1 − εt the agent

picks the greedy action a∗t . Conversely, to explore the environment, the agent

picks a random action from the action set with probability εt. We let εt decay

over time and define it as εt = e−βt for some small β > 0. At the beginning of

the agents’ training, the Q-matrix is still uninformative as it has not explored

the state-action space sufficiently. Since t is small, εt is close to 1 and the agent

picks random actions frequently to explore the environment. As the training of

the agent progresses, the Q-matrix becomes more informative and it chooses the

greedy action more often. In the limit, the agent picks a∗t only as limt→∞ εt = 0.

Q-learning in the Prisoner’s Dilemma. In the Prisoner’s Dilemma, the agent

can choose between cooperation (C) and defection (D). Thus, the action set is

given by A = {C,D}. We define m = |A| = 2 as its cardinality. The reward signal

πt is simply given by the payoff for the agent in the given round.

Following Calvano et al. (2020), we consider state representations where the

agents condition their current action in period t on the set of actions from the

previous k periods. We denote ak as the vector of actions by both agents in

period k. The state space is then S = {a1, a2, ..., ak}. Note that the cardinality

of S grows exponentially in k as |S| = mnk = 22k.

The cardinality of S interacts with the exploration parameter β. Holding β

fixed, the probability that a cell is visited by chance through exploration is smaller

in larger state spaces. To address this, we choose β(k) to keep ν constant for all

k, where ν is the expected value of a cell in the Q-matrix being explored purely by

randomness. This is the only way to make reasonable comparisons across different

k’s, since otherwise the effective propensity to explore would differ across k’s. The

parameter ν is given by

ν =
(m− 1)n

mkn+n+1 (1− e−β(n+1))
=

1

22k+3 (1− e−3β)
; (5)

(see Calvano et al. (2020), Section III.A).9

The precise values we use in our simulations (baseline and robustness checks)

are shown in Table S.25, with associated β values given ν and k shown in Table

S.26.

8There are other exploration algorithms like Boltzmann exploration. Calvano et al. (2020)
show that it yields similar results in market environments; thus, we focus on the ε-greedy algo-
rithm.

9The formula reported in Calvano et al. (2020), footnote 20, erroneously contains kn(n+ 1)
in the denominator instead.
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Table S.25: Q-learning parameters and values

Para. Description Baseline value Robustness check(s)
α Learning rate 0.15 0.05, 0.10, 0.20, 0.25
β Exploration parameter; 5.21× 10−4 See Table S.26 and Section S.4.1

implied by ν and k
ν Expected times Q-matrix 20 4, 100, 450, 1000

cell is randomly explored
k Memory length 1 2,3

Q-matrix initialization 6/(1− δ) + U [0, 1] Calvano et al.: Opp. random
Pessimistic: 12/(1− δ)
Midpoint: (12 + 50)/(2(1− δ))
Random: U [12/(1− δ), 50/(1− δ)]
Optimistic: 50/(1− δ)

Table S.26: Parameter configurations: β(k) given ν

ν k
1 2 3

4 2.61× 10−3 6.52× 10−4 1.63× 10−4

20 5.21× 10−4 1.30× 10−4 3.26× 10−5

100 1.04× 10−4 2.60× 10−5 6.51× 10−6

450 2.31× 10−5 5.79× 10−6 1.45× 10−6

1000 1.04× 10−5 2.60× 10−6 6.51× 10−7
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S.6 Human experiment

In this appendix, we state the hypotheses that we pre-registered for our experiment

with human subjects. The comparison with algorithms and data from other human

experiments is in the main text, and the instructions for our experiment are in

Section S.7.

The experimental literature has shown that cooperation among humans can be

expected to increase in the discount factor and the reward parameter (Dal Bó and

Fréchette, 2018). Our first hypothesis extends this insight to the parameter region

in the δ-R space that has hitherto been unexplored. Specifically, we conduct our

own experiments in a 2×2 factorial design (R = 40, 48)× (δ = 0.9, 0.95).

Hypothesis 6 (Humans 1). The cooperation rate among humans increases in R

and δ.

We briefly comment on the results in isolation, and discuss the wider implica-

tions and results in the main text. In Table S.27, we investigate the determinants

of cooperation for our experiments. We examine both (1) a probit model and (2) a

linear probability model (LPM), where we cluster standard errors at the matching

group level. Both δ and R have a positive effect on cooperation. The effect of R

is weakly statistically significant. The lack of statistical power is due to the fact

that cooperation is very high in all of our treatments, and moreover the treatments

are relatively “close” (e.g., a continuation probability of 0.95 instead of 0.9 may

not make that big a difference for human subjects). However, cooperation rates

from our experiments tend to be well above those found in existing experiments,

lending support to our initial hypothesis.

Table S.27: Determinants of cooperation, our human experiments

(1) (2)
Probit LPM

δ 0.01 0.01
(3.21) (0.72)

R 0.04∗ 0.01∗
(0.02) (0.00)

Constant −0.67 0.44
(3.50) (0.77)

N 43950 43950

Standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.010
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As a robustness check, we investigate the levels of human cooperation in our

own experiments (where δ ∈ {0.9, 0.95} and R ∈ {40, 48}) for varying subsets of

supergames. In Table S.28, we consider all supergames (1), the first supergame

only (2), the last three quarters of rounds (3), and the last supergame (4).

Table S.28: Average cooperation by humans by supergame

(1) (2) (3) (4)

All SG First SG Last 3/4 Rnds Last SG

δ R = 40 R = 48 R = 40 R = 48 R = 40 R = 48 R = 40 R = 48

0.90 0.80 0.89 0.73 0.73 0.84 0.96 0.86 0.99

0.95 0.83 0.88 0.69 0.68 0.88 0.94 0.93 0.93

Note: This table depicts average cooperation rates by humans.
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S.7 Instructions in the human-player experiment

We now provide the experimental instructions for humans for the treatment with

δ = 0.95 and R = 48. The instructions differ across treatments only in these two

parameters. The original instructions were in German and based on the instruc-

tions by Dal Bó and Fréchette (2011). We also provide an English translation.

S.7.1 Original version

Willkommen:

Willkommen zu unserem Experiment!

Sie nehmen gleich an einem Experiment zum Thema Entscheidungs-

findung teil und werden am Ende des Experiments privat für Ihre Teil-

nahme bezahlt. Was Sie verdienen, hängt zum Teil von Ihren Entschei-

dungen, zum Teil von den Entscheidungen anderer und zum Teil vom

Zufall ab. Für dieses Experiment gibt es generell 4e Teilnahmeprämie,

plus den Verdienst, der aus den Entscheidungen resultiert.

Das gesamte Experiment wird über Computer abgewickelt, und die

gesamte Interaktion zwischen Ihnen wird über die Computer stat-

tfinden.

Bitte schalten Sie jetzt Ihre Mobiltelefone aus. Bitte sprechen Sie nicht

und versuchen Sie nicht, während der Sitzung mit anderen Teilnehmern

zu kommunizieren.

Wir beginnen mit einer kurzen Einführungsphase. Während der Ein-

weisung erhalten Sie eine Beschreibung der Hauptmerkmale des Ex-

periments und es wird Ihnen gezeigt, wie Sie die Computer benutzen.

Wenn Sie während dieser Zeit Fragen haben, heben Sie die Hand und

Ihre Frage wird so beantwortet, dass jeder sie hören kann.

Anleitung:

1. In diesem Experiment werden Sie aufgefordert, in mehreren Run-

den Entscheidungen zu treffen. Sie werden nach dem Zufall-

sprinzip mit einer anderen Person für eine Reihe von Runden

gepaart. Jede Folge von Runden wird als Spiel bezeichnet.

2. Die Länge eines Spiels wird zufällig bestimmt. Nach jeder Runde

besteht eine 95-prozentige Wahrscheinlichkeit, dass das Spiel für
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mindestens eine weitere Runde fortgesetzt wird. Das ist so, als

würden wir nach jeder Runde einen zwanzigseiten Würfel werfen

und bei “1” bis “19” weitermachen und bei “20” aufhören. Wenn

Sie z. B. in Runde 2 sind, beträgt die Wahrscheinlichkeit, dass

es eine dritte Runde gibt, 95%, und wenn Sie in Runde 9 sind,

beträgt die Wahrscheinlichkeit, dass es eine weitere Runde gibt,

ebenfalls 95%.

3. Sobald ein Spiel endet, werden Sie zufällig mit einer anderen Per-

son für ein neues Spiel gepaart.

4. Es werden insgesamt maximal 15 Spiele gespielt. Das erste Spiel,

das nach 120 Minuten Spielzeit beendet ist, markiert das Ende

des Experiments.

5. Die Auswahlmöglichkeiten und die Auszahlungen in jeder Runde

sind wie folgt:

Entscheidung des anderen Spielers

Ihre Entscheidung A B

A 48, 48 12, 50

B 50, 12 25, 25

Der erste Eintrag in jeder Zelle steht für Ihre Auszahlung, während

der zweite Eintrag die Auszahlung der Person darstellt, mit der

Sie zusammengeführt werden.

• Sie wählen A und der/die andere wählt A, dann erhalten Sie

beide 48.

• Sie wählen A und der/die andere wählt B, dann erhalten Sie

12 und der/die andere 50.

• Sie wählen B und der/die andere wählt A, dann erhalten Sie

50 und der/die andere 12.

• Sie wählen B und der/die andere wählt B, dann erhalten Sie

beide 25.

6. Am Ende des Experiments wird ein Spiel zufällig für die Auszahlung

ausgelost. Von den in diesem Spiel erzielten Punkten erhalten

Sie 1 e für 40 erzielte Punkte. Hinzukommt die oben erwähnte

Zahlung von 4e.

7. Bevor wir beginnen, möchten wir Sie daran erinnern: Die Dauer

eines Spiels wird nach dem Zufallsprinzip bestimmt. Nach jeder
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Runde besteht eine 95-prozentige Wahrscheinlichkeit, dass das

Spiel für mindestens eine weitere Runde fortgesetzt wird. Sie spie-

len während des gesamten Spiels (über alle Runden) mit der gle-

ichen Person. Bei einem neuen Spiel werden Sie zufällig mit einer

anderen Person für ein neues Spiel gepaart. Für Ihre Auszahlung

wird am Ende ein Spiel zufällig ausgelost.

Gibt es noch Fragen?

Quiz

1. Wie viele Punkte verdienen Sie in einer Runde, wenn Sie und der andere

Teilnehmer Option A wählen?

2. Wie viele Punkte verdienen Sie in einer Runde, wenn sowohl Sie als auch

der andere Teilnehmer Option B wählen?

3. Wie viele Punkte verdienen Sie in einer Runde, wenn Sie Option A wählen

und der andere Teilnehmer Option B wählt?

4. Wie viele Punkte verdienen Sie in einer Runde, wenn Sie Option B wählen

und der andere Teilnehmer Option A wählt?

5. Nehmen wir an, Sie befinden sich in der vierten Runde eines Spiels. Wie

hoch ist die Wahrscheinlichkeit, dass das Spiel nach dieser Runde beendet

wird?

S.7.2 English translation

Welcome

Welcome to our experiment!

You are about to participate in an experiment on decision-making,

and at the end of the experiment you will be paid privately for your

participation. What you earn depends partly on your decisions, partly

on the decisions of others, and partly on chance. There is generally

4e participation pay for this experiment, plus the earnings that result

from the decisions.

The entire experiment will be conducted through computers, and all

interaction between you will be through the computers.
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Please turn off your cell phones now. Please do not speak or attempt

to communicate with other participants during the session.

We will begin with a brief introductory period. During the briefing,

you will be given a description of the main features of the experiment

and shown how to use the computers. If you have any questions during

this time, raise your hand and your question will be answered so that

everyone can hear it.

Instruction

1. In this experiment, you will be asked to make choices in several

rounds. You will be randomly paired with another person for a

series of rounds. Each sequence of rounds is called a game.

2. The length of a game is determined randomly. After each round,

there is a 95 percent chance that the game will continue for at

least one more round. This is like rolling a twenty-sided die after

each round and continuing at “1” through “19” and stopping at

“20”. For example, if you are in round 2, the probability that

there will be a third round is 95%, and if you are in round 9, the

probability that there will be another round is also 95%.

3. Once a game ends, you will be randomly paired with another

person for a new game.

4. There will be a maximum of 15 games played in total. The first

game to finish after 120 minutes of play marks the end of the

experiment.

5. The choices and payouts in each round are as follows:

Other player’s choice

Your decision A B

A 48, 48 12, 50

B 50, 12 25, 25

The first entry in each cell represents your payoff, while the second

entry represents the payoff of the person you are matched with.

• You choose A and the other person(s) chooses A, then you

both get 48.
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• You choose A and the other chooses B, then you get 12 and

the other 50.

• You choose B and the other chooses A, then you get 50 and

the other 12.

• You choose B and the other chooses B, then you both get 25.

6. At the end of the experiment, one game is randomly drawn for

payoff. From the points scored in this game, you will receive 1

e for 40 points scored. In addition, there is the above-mentioned

payment of 4e.

7. Before we begin, we would like to remind you: the duration of

a game is determined randomly. After each round, there is a

95% probability that the game will continue for at least one more

round. You will play with the same person during the entire

game (over all rounds). When a new game is played, you will be

randomly paired with another person for a new game. For your

payout, a game is randomly drawn at the end.

Are there any questions?

Quiz

1. How many points do you earn in a round if you and the other participant

choose Option A?

2. How many points do you earn in a round if both you and the other partici-

pant choose Option B?

3. How many points do you earn in a round if you choose Option A and the

other participant chooses Option B?

4. How many points do you earn in a round if you choose Option B and the

other participant chooses Option A?

5. Assuming you are in the fourth round of a game, what is the probability

that the game will end after this round?
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storello, “Artificial Intelligence, Algorithmic Pricing, and Collusion,” American

Economic Review, 2020, 110 (10), 3267–3297.
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