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1 Introduction

The use of autonomous pricing algorithms is on the rise in various industries.1 When

firms use these tools, the pricing decision for a given product is outsourced from the hu-

man decision-maker to a computer algorithm. While in the past, most pricing algorithms

have been rule-based with rules defined by the seller, there is a recent evolution towards

self-learning algorithms (Ezrachi and Stucke, 2017). These self-learning algorithms develop

strategies to achieve a specific goal, such as maximising the firms’ profits, without explicit

instructions.

There are concerns among competition authorities (e.g., Bundeskartellamt and Autorité

de la concurrence, 2019; Competition & Markets Authority, 2021) and academic scholars

(e.g., Ezrachi and Stucke, 2016, 2017; Mehra, 2016) that pricing algorithms could not nec-

essarily learn to price products more efficiently, but also that there exists a possibility that

they learn to collude tacitly.2 In other words, algorithms could learn that collusion benefits

the firm without explicit instructions or communication with other algorithms.

While recent papers by Calvano et al. (2020b) and Klein (2021) show that Q-learning algo-

rithms, a popular type of self-learning algorithm, can learn to be collusive, it remains unclear

whether pricing algorithms are more collusive than humans and, therefore, harm competition.

Tacit collusion in traditional markets amongst human decision-makers is a well-documented

phenomenon in empirical and experimental economics.3 To assess the (anti-)competitive

effects of algorithms, it is necessary to establish a suitable baseline. Accordingly, this paper

1The European Commission (2017) finds that two-thirds of sellers in digital markets use pricing tools.
Prominent examples are Amazon (Chen et al., 2016b; Musolff, 2022) or the petrol market (Assad et al.,
2024).
2For recent discussions about the possible policy and legal implications of algorithmic pricing, see Kühn and
Tadelis (2017); Schwalbe (2018); Calvano et al. (2019, 2020a) and Assad et al. (2021); Harrington (2018).
3See e.g., Byrne and De Roos (2019); Miller and Weinberg (2017); Borenstein and Shepard (1996); Davies
et al. (2011) for empirical, and Engel (2015); Horstmann et al. (2018) for experimental evidence.
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addresses the research question: Are Q-learning-based pricing algorithms inherently more

collusive than their human counterparts?

Furthermore, many modern markets do not consist solely of algorithms or humans. Often,

both can interact with each other in the same market environment. For instance, different

firms may have different levels of sophistication or financial constraints when deciding on

pricing tools. According to Chen et al. (2016b), only one-third of vendors selling the most

popular products on amazon.com use some form of pricing algorithm, which gives rise to

a mixture in market composition. Algorithms that are collusive amongst themselves may

behave differently when interacting with humans. Algorithmic collusion in isolation does not

necessarily suggest that they behave anti-competitive in these “mixed” markets. Therefore,

a crucial aspect to investigate is: What market outcomes should be expected if self-learnt

pricing algorithms and humans interact in the same environment?

This paper provides a counterfactual for algorithmic collusion for a wide range of possible

market compositions and highlights the impact of self-learning algorithms on competition.

To examine whether commonly used Q-learning algorithms make markets more collusive

relative to the status quo of human collusion, I apply a two-step approach. In the first

step, I consider self-learning pricing algorithms in an extensive simulation study. I test

whether algorithms learn to set supracompetitive prices and suitable strategies to support

these prices as a collusive outcome. Here, I closely follow the approach from Calvano et al.

(2020b) by focusing on Q-learning algorithms, but I consider a different, more tractable

market environment. In the second step, I conduct market experiments where humans

compete against each other or with self-learnt pricing algorithms. In the experiments, I

closely mimic the market environment from the simulations. Across different treatments, I
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vary the market composition between algorithms and humans and the number of firms in

the market. The experimental approach allows me to consider tacit collusion in a controlled

setup and study the underlying mechanics. My design enables me to observe humans and

algorithms in the same environment and, thus, to analyse whether Q-learning algorithms

promote collusion.

I find evidence that Q-learning algorithms foster tacit collusion in duopolies. In duopolies,

where humans and algorithms compete, prices are similar to markets with only humans.

Two-firm markets with only algorithms are always more collusive than markets with humans.

Hence, market prices are (weakly) increasing in the number of algorithms in duopolies and

can foster collusion if all firms use one. In triopolies, there is a non-linear relationship between

the number of firms with a pricing algorithm and the level of tacit collusion. Markets where a

single firm utilises a pricing algorithm are more competitive than markets with only humans.

Yet, as more firms use pricing algorithms, market prices can increase and may even exceed

prices in human markets. This effect is especially noticeable when humans lack experience.

Similar to Calvano et al. (2020b) and Klein (2021), Q-learning algorithms learn to punish

price deviations. As I consider a stylised market environment, I can interpret the strategies

of the algorithms. The most successful algorithms learn a win-stay lose-shift strategy that

is popular for the iterated prisoner’s dilemma. The outcomes in mixed markets vary greatly

as humans choose heterogeneous strategies when playing against the algorithms.

While there exists reoccurring support for the hypothesis that self-learning algorithms

can learn to set non-competitive prices and develop reward-punishment strategies (Klein,

2021; Calvano et al., 2020b, 2021; Abada and Lambin, 2023; Johnson et al., 2023; Asker
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et al., 2024), it is unclear how algorithmic collusion compares to human collusion.4 Market

environments in previous studies on algorithmic collusion deviate substantially from the

setting used in experimental market games. My design allows me to compare the outcomes

of pricing algorithms to human pricing directly, as I can observe both in the identical market

environment. A recent paper by Assad et al. (2024) identifies the adoption of algorithms

in the German gasoline market. Within duopoly and triopoly markets, price margins rise

as both firms in the market begin to utilise an algorithm. The effect is comparable to my

findings for two-firm markets. For the market studied by Assad et al. (2024), the exact

algorithms are unobservable as they are usually proprietary. The combination of simulations

and laboratory experiments enables me to examine human and algorithmic strategies to

study the underlying mechanics that drive these effects.

This research also allows studying cooperation between humans and algorithms, con-

tributing to a growing literature in computer science and experimental economics. In

computer science, the design of cooperative algorithms in repeated games is an active re-

search area (e.g., Crandall et al., 2018; Lerer and Peysakhovich, 2017). Here, cooperative

algorithms are often the explicit objective. I consider a popular self-learning algorithm that

can be attractive as a pricing tool. While cooperation might be an outcome, it is not the

initial design objective.

In experimental economics, the focus is often on deterministic algorithms that do not

learn the strategy themselves but instead follow pre-defined rules by the experimenter (see

March, 2021, for a recent literature review). For example, Huck et al. (1999) and Huck

4Besides self-learnt collusion, algorithms could also influence competition by offering better demand pre-
dictions (Miklós-Thal and Tucker, 2019; O’Connor and Wilson, 2021) or by serving as commitment devices
(Brown and MacKay, 2023; Leisten, 2024). Furthermore, Harrington (2022) argues that outsourcing the
development of algorithms to a third-party developer can affect market outcomes. For a general discussion
of the possible effects algorithms can have on the economy, see Agrawal et al. (2019).
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et al. (2004a) study simple learning processes inspired by human behaviour in experimental

games, while Duersch et al. (2010) examine how humans interact with these rule-based

algorithms. There are parallels to this paper, as the algorithms used here also employ a fixed

strategy when interacting with humans and do not learn anymore during the experiments.

However, unlike previous studies, the algorithms learn these strategies autonomously before

the experiments, and the experimenter does not design them. Thus, while the algorithm

operates deterministically during the experiment, it differs from purely rule-based algorithms

as it learn the strategy by itself in a training phase.

Normann and Sternberg (2023) study collusion in mixed markets with humans and algo-

rithms. They consider a tit-for-tat algorithm and find that in three-firm markets where one

of the three firms uses a tit-for-tat algorithm, outcomes are more collusive than in markets

where all firms are human. The authors vary whether participants know if they play against

a computer or a person, and find no differences in this domain. My approach differs as I

study self-learning algorithms and the strategies which they develop by themselves. It allows

analysing the entire array of market composition, as I can observe algorithmic and human

markets as well as mixed markets. Hence, I can directly compare algorithmic and human

collusion and investigate the effect of Q-learning-based pricing algorithms on a wide range

of scenarios.

The remainder of the paper is structured as follows. In Section 2, I introduce the market

environment I use in all simulations and experiments with humans. Then, in Section 3, I

explain the main concepts of the Q-learning algorithm, which I consider in this study, and

discuss the motivation for focusing on this particular type of algorithm. After discussing the
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experimental design in Section 4 and the hypotheses in Section 5, I present the results in

Section 6. Section 7 discusses the implications of my findings and concludes.

2 Market environment

I consider a Bertrand market environment, which is commonly used in the experimental

economics literature on collusion (see, for instance, Fonseca and Normann, 2012; Horstmann

et al., 2018). There are N ∈ {2, 3} firms in the market, which face a perfectly inelastic

demand function and have zero marginal costs. Each firm produces the same homogeneous

good. The market consists ofm = 60 computerised consumers, who are all willing to purchase

exactly one unit of this good in each round and have a maximum willingness to pay of p = 4.

The price of firm i in period t is denoted by pit ∈ P := {0, 1, 2, ..., 5}. Consumers buy the

good at the lowest offered price. The market is shared equally if multiple firms offer the

lowest price in a given round.

Firms are always either represented by a human or by a Q-learning algorithm. This

market environment is the same for the simulation study and all experimental treatments.

It allows me to directly compare the simulation and outcomes and derive a counterfactual

for algorithmic collusion. Firms compete in an infinitely repeated game with a discount rate

of δ = 0.95.

To mimic the features of an infinitely repeated game in the experimental treatments, I use

a repeated game with a random stopping rule, where the continuation probability for playing

another round is given by 95%. Using smaller discount factors, this method of translating
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infinitely repeated games into indefinitely repeated games was first introduced by Roth and

Murnighan (1978).

There exists a stage game Nash equilibrium at pNE = 1. The monopoly price of pM =

p = 4 maximises joint profits.5 When all firms charge the same price, the profit is given by

πi
t = pm/N . The profit for a single deviating firm is πi

t = (p−1)m. Collusion is sustainable

at the monopoly price for the given discount factor, for instance, by grim trigger strategies.

While this environment is less complex than many actual markets, it yields a suitable

setting for my design as it distils the main components of price competition when studying

collusion.6 It is arguably easy to understand for experimental subjects due to its simple

mechanics. Crucially, the environment is tractable, which allows for the analysis of the

strategies algorithms and humans learn in the game. Also, the environment offers a different

extension to algorithmic price competition to markets with a perfectly inelastic demand

function, which has not been studied before.

3 Pricing algorithms

Following the approach independently proposed by Calvano et al. (2020b) and Klein (2021),

I utilise Q-learning algorithms (Watkins, 1989; Watkins and Dayan, 1992) to study the

collusive effects of self-learning pricing algorithms.7 I first discuss the rationale for focusing

5There are two prices (p = 5 and p = 0) which are (weakly) dominated. I include both in the set of
possible prices P to rule out that convergence to the boundaries of the price set is equivalent to collusion,
or competition at the p = 1 Nash equilibrium. The full set of symmetric pure-strategy Nash equilibria is
p ∈ {0, 1, 2} for N = 2 and p ∈ {0, 1} for N = 3 for the stage game. I focus on pNE = 1 as the competitive
benchmark, as p = 0 is payoff dominated and p = 2 is not an equilibrium for N = 3.
6The environment shares strategic similarities with the prisoner’s dilemma game but includes more actions
to capture pricing dynamics observed in markets. For a literature review on the behaviour of humans in the
prisoner’s dilemma, see Mengel (2018) and Dal Bó and Fréchette (2018).
7Earlier work by Waltman and Kaymak (2008) shows that Q-learning algorithms can converge to non-
competitive quantities in a Cournot framework. However, they do not obtain collusion as algorithms also
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on the Q-learning algorithm. Then, I introduce Q-learning and the simulation setup used in

this study.

3.1 Background and motivation

There are several reasons for focusing on Q-learning when studying the ability of self-learning

pricing algorithms to collude.8 Q-learning is one of the most relevant and popular reinforce-

ment learning algorithms, and many of the most successful state-of-the-art reinforcement

learning algorithms build on the main ideas of Q-learning (see, for instance, Arulkumaran

et al., 2017, for an overview).

Q-learning is designed to solve Markov decision processes with an ex-ante unknown en-

vironment. In other words, Q-learning algorithms must learn about the environment by

themselves and are not instructed to follow a particular strategy. The algorithms usually

learn their strategies by competing against other independent algorithms, that strive them-

selves to develop optimal strategies. Therefore, the algorithms must continuously adapt

during learning as the competitors also regularly change their strategies. Arguably, this

fosters the learning of strategies that extrapolate to different competitors. The learning

approach often results in superior performance from reinforcement learning algorithms com-

pared to human strategies or if they would learn only against humans.9 This potential for

learn this behaviour if they are memoryless. Hence, punishment strategies, which are essential for collusion
to be sustainable in the long run, could never arise.
8While most studies on algorithmic collusion concentrate on Q-learning, there are notable exceptions. For
instance, Hansen et al. (2020) examine pricing algorithms using an Upper Confidence Bound algorithm in
a multi-armed bandit framework, where supracompetitive prices emerge from correlated experimentation.
Additionally, Hettich (2021) and Jeschonneck (2021) explore reinforcement learning methods that rely on
function approximation, which may result in different pricing behaviours. For a recent discussion on the
limits of Q-learning in studying algorithmic collusion, see den Boer et al. (2024).
9Reinforcement learning techniques have been shown to outperform humans and other algorithms in a variety
of applications, including Atari video games (Mnih et al., 2015), the board game Go (Silver et al., 2016), chess
(Silver et al., 2018), ridesharing optimisation (Qin et al., 2022), or inventory management in e-commerce
(Madeka et al., 2022).
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superior performance provides an apparent reason for firms to employ such algorithms in

pricing.

There is also direct evidence that reinforcement learning algorithms like Q-learning are

used in real-world pricing systems. For instance, researchers from Alibaba, one of China’s

largest retailers, report on a pricing algorithm that uses a form of Q-learning algorithms,

which outperforms previous pricing methods (Liu et al., 2019). Similarly, Chen et al. (2023)

describe a price discount algorithm used by the leading budget hotel group in China that

utilises reinforcement learning. Moreover, Calzolari and Hanspach (2024) note that 27% of

third-party pricing tools, that sellers on platforms like amazon.com use, claim to utilise self-

learning algorithms. It highlights that self-learning algorithms are popular in practise and

that even smaller, possibly less sophisticated, firms have access to this pricing technology.

Furthermore, compared to other reinforcement learning algorithms, Q-learning remains

interpretable. Q-learning algorithms generate strategies that are essentially rules that are

directly observable and map past market outcomes to future prices. However, unlike fixed

rules chosen by a human, the algorithm learns these rules by themselves.

Despite the popularity of reinforcement and Q-learning, it is crucial to note that other

forms of algorithmic pricing exist. Large e-commerce companies like Zalando, Zara, Asos,

and Walmart employ pricing algorithms that combine machine learning with other numerical

optimisation techniques (Kunz et al., 2023; Li et al., 2021a; Loh et al., 2022; Mehrotra

et al., 2020; Caro and Gallien, 2012). Amazon describes its own pricing algorithms as using

machine learning without specifying the exact approach (Cooprider and Nassiri, 2023). Assad

et al. (2024) and Derakhshan et al. (2016) report on neural network-based gasoline pricing

algorithms. While these algorithms are similar to reinforcement learning in the sense that
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they make autonomous decisions, they rely on predefined data sets rather than learning by

themselves from interacting with an environment.

Additionally, rule-based algorithms are still employed, where pricing managers set rules

on how prices should change based on changes in the market. Musolff (2022) and Wang et al.

(2023) discuss how third-party sellers use such tools on platforms like amazon.com, allowing

vendors to maintain some control over their pricing strategies. Calzolari and Hanspach

(2024) elicit that while 56 % of repricer providers in their sample claim to use some form of

AI, 44 % use less sophisticated methods like fixed rules.

Importantly, while this paper focuses on Q-learning algorithms when investigating human

and algorithmic collusion, given its relevance in academic research and real-world applica-

tions, it is worthwhile for future research to explore other forms of algorithms that are

prevalent in practise, such as rule-based ones or those that use other forms of machine learn-

ing. For the sake of clarity, in the remainder of this paper, whenever I refer to “algorithms”,

I specifically mean Q-learning algorithms. In the following, I discuss some of the general

concepts in Q-learning.

3.2 Q-learning: Optimisation problem and learning

In each period t, a Q-learning algorithm, often called an agent, observes the current state

st ∈ S of its environment and chooses some action at ∈ A. Here, A is the set of feasible

actions, and S is the set of possible states. Picking the action results in a reward signal πt ∈ R

and the next state st+1 ∈ S. The agent’s objective is to maximise the sum of discounted

future expected rewards given the current state st over A. The Bellman equation commonly
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expresses this maximisation problem

V (st) = max
at

{E[πt|st, at] + δE[V (st+1)|st, at]} (1)

with δ ∈ [0, 1) being the discount rate. The Bellman equation described by Equation 1 is

recursive. The value of being in state st is given by the current reward signal πt plus the

discounted value of the continuation state st+1.

In Q-learning, the environment is typically unknown to the agent. Before learning, the

agent does not know which actions result in which states or which state-action combinations

lead to which rewards. Furthermore, the environment might be non-stationary in the sense

that the same state-action combinations in period t may lead to a different reward and

another continuation state in a different period t′.

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] (2)

In this paper, A and S are finite, and hence the Q-function is given by a |S|×|A| matrix,

where Q(st, at) represents the expected net present value of picking action at in state st.

The Q-learning agent repeatedly interacts with the environment to iteratively update the

cells of its Q-matrix to obtain an approximation for the state-action value Q(st, at) for each

state-action combination. By doing so, the agent aims to maximise its expected long-run

reward.
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In all simulations, the Q-matrix is initialised with random numbers drawn from a uniform

distribution with support on the unit interval.10 For each subsequent iteration t, the agent

picks some action at conditional on the current state st, which yields πt and st+1. Then,

the Q-matrix gets updated as the weighted average of the past estimate of Q(st, at) and the

newly learnt value

Qt+1(st, at) = (1− α)Qt(st, at) + α(πt + δmax
a

Qt(st+1, a)) (3)

where α ∈ (0, 1) is referred to as the learning rate. For the subsequent states, the same

procedure is applied in each iteration until some convergence rule is met.

In each round, the agent picks the current optimal action a∗t with probability (1 − εt)

with εt ∈ [0, 1]. With probability εt the algorithm selects a random action from A. It

balances the trade-off between exploring the environment and exploiting the knowledge the

agent already has of the profitability of certain state-action combinations (see, for instance,

Klein, 2021, for further discussions on this). The exploration probability decays over time

εt = e−βt for some small β > 0. Like this, the agent explores more at the beginning of the

learning process when Q-matrix is rather uninformative but chooses the action, which offers

the highest expected long-run reward, more often in later periods. Eventually, the agent

no longer explores but always picks the action with the highest expected value given that

limt→∞ εt = 0.

10Klein (2021) and Abada and Lambin (2023) initialise the Q-matrix with zeros. Calvano et al. (2020b) and
Johnson et al. (2023) use an initialisation that corresponds to the discounted profit if all firms randomise
their prices. Calvano et al. (2020b) show that outcomes are similar for different initialisation of the Q-matrix.
In Appendix A.3, I consider an initialisation of the Q-matrix that uses human data from the experimental
treatments. Also here the results remain similar.
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3.3 Simulation setup

In each simulation, the agent plays against other agents in the same market. The agents

share the same α and β but are otherwise disconnected. Each agent picks their action

independently, and each agent’s learning process is separated from the others. The Q-matrix

is initialised independently for each agent and updated only based on their own reward. The

agents learn by playing against each other simultaneously in the same environment. That

is, the agents learn “online” by interacting with the environment instead of “offline”, where

the agents would learn from a static data set (see Agarwal et al., 2020, for details on the two

learning approaches). This form of decentralised learning is a common approach in multi-

agent reinforcement learning applications (see, for instance, Littman, 1994; Busoniu et al.,

2008).

To determine the state of convergence, I follow the approach by Calvano et al. (2020b)

and look at the cells of the Q-matrix. If the best action for each state does not change for

100,000 subsequent periods, I assume that the agents in the market have converged and found

a stable strategy. I refer to the strategy the Q-learning algorithms learnt at convergence as

their limit strategy.

The action at of the agent corresponds to a price, and the set of possible actions corre-

sponds to the price set, while the economic profit obtained in each period is the reward signal

for the Q-learning algorithms. Similar to Calvano et al. (2020b) and Johnson et al. (2023), I

define the state of the environment for each agent as the set of past prices from the previous

period st = {pt−1
1 , ..., pt−1

N }. Notably, this state representation corresponds to memory-one

strategies, which humans predominantly use in the prisoner’s dilemma and market games

(Dal Bó and Fréchette, 2019; Romero and Rosokha, 2018; Wright, 2013). Calvano et al.
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(2020b) and Kasberger et al. (2023) also consider state representations that allow for a two-

period and three-period memory. This larger memory does not improve the performance of

the algorithms. Importantly, it is straightforward to construct memory-one strategies that

make collusion incentive-compatible in two and three-firm markets.11

The learning parameter α and the exploration decay parameter β are not learnt by the

algorithm, and a wide range of possible parameterisations and, thus, market outcomes are

possible. Furthermore, the learning process of the algorithms is partially stochastic due to

the exploration mechanism, which introduces randomness into the decision-making process. I

consider a parameter grid with α ∈ [0.025, 0.25] and β ∈ [1× 10−8, 2× 10−5] with 100 points

in each dimension evenly spaced from one another. For each grid point, I simulate 1,000

distinct markets that differ in the underlying stochastic process that governs exploration.

Hence, I run a total of 10,000,000 simulations for each market size. The grid and the

simulation setup, again, follows Calvano et al. (2020b) and Johnson et al. (2023).

To implement the simulations, I use Python with the packages “numpy” and “numba”

for efficient scientific computing. The simulations were executed on the high-performance

cluster of the University of Duesseldorf. While each simulation runs within seconds, the

extensive number of simulations made the cluster a more practical solution.

3.4 Performance evaluation

Profitability and prices I focus on the (average) market price upon convergence to

measure tacit collusion. Furthermore, given the definition of the Bellman equation, V (s)

11For instance, consider a memory-one strategy that mimics a grim trigger strategy in the sense that the
agent always plays the monopoly price in the state s = (pM , pM , pM ) but chooses the p = 1 Nash equilibrium
in any other state. This strategy is a possible outcome for the simulations from an ex-ante perspective and
makes collusion sustainable for the given discount factor of δ = 0.95.
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provides an unbiased estimate of the expected sum of future discounted rewards for a given

state s. Thus, V (s) is a natural measure for the profitability of agent i in a given state s. I

utilise this direct interpretability and use V (s) as an additional profitability measure.

Optimality High profitability alone does not necessarily imply that the agent has learnt

an optimal strategy against its competitors. To derive a measure of how well the agent does

in comparison to how well it could do, I derive the optimality of the agent for state s as

Γi(s) = 1{argmax
a

Qi(s, a) = argmax
a

Q∗
i (s, a)} (4)

where Q∗
i (s, a) is the optimal Q-matrix, assuming that the opponents play according to their

limit strategies. Here, 1 denotes the indicator function.

I can obtain this optimal Q-matrix in the following way: After convergence, the strategies

of the other agents, which learnt in the same environment, are held constant. Thereby, the

environment becomes stationary as the state-transition probabilities do not change anymore.

Next, I initialise a new agent, which competes against the limit strategy of the opponents. I

utilise dynamic programming to repeatedly iterate over each state-action combination of its

Q-matrix until convergence. Within this stationary environment, convergence is guaranteed.

The Q-matrix of the new agent corresponds to the optimal Q-matrix Q∗
i (s, a) that the actual

agent could have learnt against the limit strategy of the other agents.

Note that Γi(s) = 1 implies that the agent has learnt to play a Nash equilibrium for state

s. The agent has learnt a subgame perfect Nash equilibrium if and only if Γ = 1
|S|

∑
s Γi(s) =

1. For Γ < 1 there are states for which the agent did not learn to play a Nash equilibrium.
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3.5 Main parameterisation of the algorithm

I study experimental treatments in which humans compete against algorithms in the same

market. To conduct laboratory experiments in these “mixed” markets, I have to decide on a

specific parameterisation of the agent with a specific stochastic process. To select a specific

algorithm for this purpose, I take the perspective of a firm that would want to deploy a

pricing algorithm to a market. This firm would want the pricing algorithm to meet three

criteria: (i) it should be profitable, (ii) it should be optimal in the sense that it is not easily

exploitable by other market participants, and (iii) it should allow for forgiveness in the event

of deviations.

Considering these objectives in isolation is insufficient when selecting an algorithm to

deploy to the market. High profitability does not necessarily imply high optimality or for-

giveness, and vice versa. For instance, it is vital to rule out that a lack of sophistication

in algorithms drives high profitability.12 This can happen if the agents in the environment

jointly converge to a seemingly collusive outcome in which they price at the monopoly price

but fail to learn a strategy that accounts for certain deviations. Such a myopic strategy

is unlikely to perform well against new competitors, resulting in lower profitability than in

the simulation. Similarly, forgiveness is crucial as it ensures the algorithm can recover from

deviations, which are common in real-world markets due to mistakes or experimentation.13

Otherwise, after an unintentional deviation, the algorithm would be stuck in low-profit states

without the ability to return to a collusive outcome.

12The situation can arise, for example, if the agent’s exploration is limited.
13Too frequent deviations are common in strategic environments, as highlighted by Duffy et al. (2024). They
show in the indefinitely repeated prisoner’s dilemma that participants deviate too frequently even if they
know they are playing against a grim trigger strategy and it is a subgame perfect equilibrium to cooperate.
Such “mistakes” would likely be even more prevalent in a pricing game that is more complex and where
participants do not know the competitor’s strategy.
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When all three objectives – profitability, optimality, and forgiveness – are ensured jointly,

the agent has learnt a strategy that can generate profits but also takes into account the

strategic element of the environment and is capable of returning to collusive outcomes af-

ter deviations. This combination increases the likelihood that the algorithms perform well

against new (possibly human) competitors.

I propose the following criterion for agent i that combines all three performance measures:

Ψi =
Γi

|S|
∑
s

Vi(s). (5)

Since Γi ∈ [0, 1], the selection criterion is the average profitability over the entire state

space shrunk towards zero by the degree of suboptimality. Hence, Γi can be interpreted as

a shrinkage penalty in this context. The intuition is that high profitability is only valuable

if other players cannot exploit the agent easily with a possibly more sophisticated strategy.

Focusing on profitability across all states, rather than just the state of convergence, helps

select forgiving limit strategies that can recover from deviations. Different states are poten-

tially relevant in the experiments with humans, as their strategies can differ from algorithmic

ones. An algorithm that performs well only on the equilibrium path, like grim trigger, would

struggle to return to collusion after a disruption, leading to sustained low profits after an

unintentional deviation. By evaluating profitability across all states, the selection criterion

favours algorithms that are potentially profitable in a wide range of scenarios by having the

capability of returning to a collusive state even after a deviation.14

14While considering the entire state space when selecting an algorithm is reasonable, the selection criterion
ΓiVi(s

∗), where s∗ is the state of convergence, leads to similar strategies being selected in the simulations.
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For treatments in which algorithms interact with humans, I select the algorithm from the

simulation in which Ψ = 1
N

∑N
i Ψi is maximised over the parameter grid for α and β. I will

refer to it as the selected algorithm. Also, for markets with only algorithms, I will focus on

the selected algorithm’s parameterisation but report the results for other parameterisations

in the Appendix A.2.

4 Experimental design

4.1 Treatments

I consider five experimental treatments and two treatments based on simulations. Across

treatments, I vary the market composition between algorithms (A) and humans (H), and

the number of firms in the market (see Table 1). I label the treatments with the number of

human firms followed by the number of firms that use an algorithm. For example, treatment

2H1A stands for two human players and one algorithmic player operating in one market.

Table 1: Treatment composition

Number of Human Players
Number of Algorithms

0 1 2 3

3 3H0A - - -

2 2H0A 2H1A - -

1 - 1H1A 1H2A -

0 - - 0H2A 0H3A

Thus, I consider treatments without any algorithms (2H0A and 3H0A) and without

any humans (0H2A and 0H3A). Comparisons between these treatments reveal whether

algorithms are more collusive than humans. Additionally, I consider treatments in which
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humans compete against algorithms (1H1A, 1H2A and 2H1A). I utilise these treatments

to examine the way humans and pricing algorithms interact with each other. Furthermore,

they show if increasing the share of algorithms in the market fosters tacit collusion for

different market sizes.

4.2 Procedure

General procedure for all experimental treatments Each experimental treatment is

repeated for three supergames to observe learning effects.15 Within each supergame, there

is a fixed group composition. Across supergames, I use a perfect stranger matching scheme.

This matching scheme is common knowledge. Hence, participants know they interact with

each person only within one supergame throughout the entire experiment. It rules out any

reputation effects that could be present otherwise.

In my experiment, each round has a continuation probability of 95% in each supergame.

Hence, with a 5% chance, a given supergame ends after each round. Participants are informed

about the continuation probability at the beginning of each supergame. It corresponds to

the discount rate of δ = 0.95 that is used for the algorithms in the simulation treatments.16

To allow for different experimental sessions with the same supergame lengths, the round

numbers are pre-drawn with a random number generator.17 At the end of each round,

participants receive information about all prices in the market. Furthermore, they see their

own profit in the given round.

15Three supergames are usually sufficient to observe learning in similar environments. I provide details on
this in Appendix A.1. Furthermore, in Appendix A.5, I report on additional treatments in which I double
the number of supergames as a robustness check.
16For a risk-neutral player the continuation probability is theoretically equivalent to the discount rate (see
for instance Roth and Murnighan, 1978; Dal Bó, 2005).
17The exact round numbers are 25 (Supergame 1), 17 (Supergame 2) and 11 (Supergame 3).
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Subjects receive the instructions at the start of the session, but they are also available

during the experiment at any point. After the participants read the instructions, I ask

them a set of control questions.18 If a participant gives three times a wrong answer, I

show an additional explanation for the respective question. One person dropped out of the

experiment due to technical problems. I exclude the entire matching group of this subject

from the analysis.

Additional details for the experiments with human-algorithm interactions In

mixed markets with humans and algorithms, each participant has complete information

on which firms use the selected pricing algorithm. While this is arguably not the case in

actual markets, Normann and Sternberg (2023) show that participants are insensitive to the

knowledge of playing against an algorithm or a human player but that the strategies of the

algorithms are driving outcomes.

Following Normann and Sternberg (2023), all profits obtained by a firm that uses a pricing

algorithm are given to a passive human player who does not make any active decisions. It

rules out any differences in social or distributional preferences that might arise elsewise across

treatments.

The framing regarding the algorithmic decisions in the experiment is neutral. Subjects

do not know the exact objective function of the algorithm but that it acts in the interest of

another participant, which receives the profits that the selected algorithm makes. They do

18See Appendix B for the full set of instructions, the control questions, and screenshots of the relevant
decision screens.
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not know that it is self-learnt or how it learnt its strategy. It mimics the information struc-

ture in actual markets where firms are unaware of a competitor’s precise pricing algorithm

specifications, yet they understand that the algorithm operates in the competitor’s interest.

Number of independent observations In total, 313 participants were recruited, with

between 60 to 64 subjects in each experimental treatment (see Table 2). I distinguish between

active participants, who make the pricing decision themselves, and passive participants who

are only paid when an algorithm makes a profit to keep social preferences the same across

treatments.

The number of independent observations in the experiment depends on how participants

are grouped into matching groups. A matching group is a set of active participants who are

matched with one another across supergames, which may lead to potential dependencies in

learning and behaviour. Each matching group contains three markets. When there are two

active participants per market, the group consists of six participants. In treatments with

three active participants per market, the group consists of nine. This setup results in 10

independent matching groups for the 2H0A treatment and 7 for 3H0A

In mixed markets, human participants interact with the selected algorithm that no longer

learns but follows the strategy it developed during the simulations. Consequently, there are

no reputation effects associated with the selected algorithm across supergames, and the

number of independent observations in mixed treatments is determined differently compared

to human-only treatments.

In 1H1A and 1H2A, each market includes only one human participant who takes active

pricing choices, and there are no reputation effects across supergames. Therefore, the number
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of independent observations corresponds to the number of markets (32 for 1H1A and 21 for

1H2A).

In 2H1A, two active participants exist in each market, which can give rise to reputation

effects across supergames. There are 42 participants who make active decisions. The other

21 participants are passive and only paid based on the algorithm’s decisions. Similarly to

1H1A, the passive participants are excluded from the matching scheme because they do not

contribute to any reputation effect. Given a matching group size of six, this treatment has

seven independent observations.

For treatments without any humans (0H2A and 0H3A), I use 1,000 independent simula-

tion runs with the main parameterisation of the selected algorithms as described in Section

3.5 as the comparison unit.19

Table 2: Number of observations by treatment

Treatment
Number of
participants

Number of
independent observations

3H0A 63 7

2H0A 60 10

1H1A 64 32

1H2A 63 21

2H1A 63 7

0H2A - 1,000

0H3A - 1,000

Experimental implementation and payment The experiments were conducted online

in May and June 2021. I recruited the participants using ORSEE (Greiner, 2015) from

19The large number of simulation runs ensure that standard errors around average prices are close to zero.
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the DICE Lab, University of Düsseldorf subject pool. A web-conference call accompanied

each session where participants could ask clarifying questions and receive technical assis-

tance if required.20 Furthermore, in the conference call, I clarified that the instructions are

the same for all participants. The experiment was anonymous, and participants could not

communicate with each other.

Each session lasted approximately 30 minutes, and subjects earned, on average, 11.3

Euros, including a show-up fee of 4 Euros. A single supergame was selected at random to

determine this payoff. The payoff was the sum of profits within this supergame. Within the

experiment, I used an experimental currency unit (ECU) where one Euro corresponded to 130

ECU. The experiment employed a between-subject design; thus, each subject participated

only in one treatment. Treatments were randomised on the session level. I programmed the

experiment in oTree (Chen et al., 2016a).

4.3 Algorithms in markets with human-algorithm interactions

There are several treatments in which humans interact with pricing algorithms in the same

environment. In these “mixed” markets, the algorithms learn through self-play before the

experiment. Put differently, they develop their strategies in a simulated market environment,

where they compete against other algorithms. In the experiment with humans, the selected

algorithms do not learn further from new market information but use the strategy they came

up with during training. Thus, I do not consider how humans and algorithms may co-learn

during real-time interactions.

20The procedure is similar to Zhao et al. (2020) or Danz et al. (2021). Li et al. (2021b) find that this
procedure offers comparable results to lab experiments in different economic games.
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While this approach might appear restrictive, it is arguably realistic. Q-learning is a slow

learning algorithm as it updates only one cell of the Q-matrix in each training step. Also,

each cell has to be visited by the agent multiple times to obtain an accurate estimate of the

value of this state-action combination. As a result, Q-learning algorithms usually learn too

slowly to be trained in the actual market environment.

Crucially, training algorithms through self-play in a simulated environment is standard in

reinforcement learning and has been proven effective in different applications. For example,

reinforcement learning algorithms that outperformed humans in the board game Go, chess,

or complex strategic video games were trained using self-play (Silver et al., 2018, 2017;

Vinyals et al., 2019). While these zero-sum games differ from pricing environments, they

share important similarities, as, for instance, both involve incentives to optimise for long-run

outcomes, development of strategic behaviour, and adapting to opponents’ actions.

There are clear benefits from this training approach that likely carry over to pricing

environments, which makes it a reasonable choice from an industry perspective. Training

algorithms in an environment where they compete against constantly adapting opponents

may lead to more robust strategies than training the algorithms from a fixed data set.

Algorithms must continuously adapt to the evolving strategies of their competitors. This

can encourage the development of new strategies that generalise well to various types of

competitors, even ones that behave differently from the training partners at convergence.21

This is particularly relevant in markets where firms may not know whether their competitors

21In the context of the board game of Go, Silver et al. (2017) show that reinforcement learning algorithms
trained solely by self-play develop new strategies that were previously not used by humans. Furthermore,
the algorithm beats a variety of other models in the game.
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are humans or algorithms, and it is crucial to use a general enough strategy to perform well

against a diverse set of opponents.22

Furthermore, a firm deploying a pricing algorithm would want to evaluate its perfor-

mance before entering the market to mitigate the risk of suboptimal pricing strategies.

Training algorithms in self-play ensures that the selected algorithm can be tested against

different opponents before it is used in the actual market. For further discussion on training

reinforcement learning algorithms in artificial environments, also see Calvano et al. (2020b).

As described in Section 3.3, the Q-learning algorithms always condition their current

pricing decision on a state, which is the set of prices from the previous period. In the first

round of each supergame, the selected algorithm has no state to condition upon as the state

st=0 is undefined. To circumvent this initial condition problem, I define st=0 as the state

of convergence from the learning process. Thus, the selected algorithm always begins each

supergame with the same action played last in the simulated environment.

5 Hypotheses

From a theoretical perspective, punishment strategies are vital for collusion to be sustain-

able in the long run (Friedman, 1971; Abreu, 1988). While humans often fail to employ

punishment strategies that appear desirable from the theoretical perspective, Calvano et al.

(2020b) and Klein (2021) find that self-learnt pricing algorithms learn harsh punishment

strategies that make collusion incentive-compatible.23 I expect the Q-learning algorithms

22When training reinforcement learning algorithms in a simulated environment for pricing, the market en-
vironment has to be known to the developing firm. However, with modern tools in demand estimation and
supervised machine learning, it is reasonable to assume that firms can derive this environment and benefit
from the advantages of this learning method.
23For a discussion of the strategies that humans use in experimental market games see for instance Wright
(2013).
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in my design to learn comparable punishment strategies, which would theoretically foster

collusion compared to lenient strategies often used by humans.

Algorithms may also reduce the strategic uncertainty within the game. In the mixed mar-

ket treatments, the selected algorithm plays according to their fixed limit strategy against

humans. Normann and Sternberg (2023) argue that playing against a deterministic algo-

rithm reduces strategic uncertainty compared to playing against a human, who might change

the strategy during the game and are less committed to a particular behaviour. They demon-

strate that the postulated reduction in strategic uncertainty fosters collusion. As the selected

algorithm in my design is also deterministic after convergence, I expect higher degrees of tacit

collusion in mixed markets relative to human markets. Since humans first have to learn about

the selected algorithm’s strategy, it appears natural that this effect especially materialises

in later supergames. Harsher punishment strategies and reduced strategic uncertainty by

algorithms should foster collusion. Thus, I hypothesise that market prices increase as more

firms use a pricing algorithm for a given market size.

Hypothesis 1. The level of tacit collusion increases in the share of firms using self-learnt

pricing algorithms for a given market size.

It is a well-documented finding in the literature on experimental market games that

tacit collusion becomes less likely as the number of firms in the market increases (Engel,

2007; Huck et al., 2004b; Harrington et al., 2016). Within my design, a larger market size

implies higher deviation profits. That, in turn, increases the incentive to deviate from a

collusive price level. Furthermore, the strategic complexity of the game grows as the number

of firms increases. With more firms in the market, market participants have to condition
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their behaviour on additional factors, such as the previously chosen prices from the extra

competitor. This increase in strategic complexity may further hinder collusion.24

Similar to the findings in experimental market games, Calvano et al. (2020b) and Johnson

et al. (2023) find decreasing prices in algorithmic markets in their simulations as the number

of firms increases. I expect comparable results in my experimental design, which leads to

the following hypothesis.

Hypothesis 2. The level of tacit collusion decreases in the number of firms in the market

for human and algorithmic markets alike.

Note that it is unclear how those number effects differ between algorithmic and human

markets. While the decline in market prices in the previous studies on algorithmic collusion

appears smaller than in human markets, the market setup deviates substantially from the

environments usually used in experimental market games. Hence, it is an open question

whether algorithms are better at colluding as the market size increases. I investigate this

question in the following sections.

To measure the degree of tacit collusion and test the hypothesis, I use the market prices.

Within the experimental treatments, an independent observation is the average market price

for a given matching group. For the simulations, I average the market prices for each indepen-

dent simulation over 1,000 rounds after convergence. All hypotheses and the corresponding

statistical tests have been pre-registered.25

24For a discussion on the influence of strategic complexity on cooperation see Jones (2014) and Gale and
Sabourian (2005).
25The pre-registration uses the template from AsPredicted.org and can be found here https://osf.io/yd32b
and here https://osf.io/uxdcp. Ethical approval was granted by the German Association for Experimental
Economic Research e.V. (No. vzRbKXHq).

https://osf.io/yd32b
https://osf.io/uxdcp
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6 Results

6.1 Algorithmic and human markets

I present the results from the markets with only humans and only algorithms in Figure 1.

For algorithms, I focus on the parameterisation of the selected algorithm for the reasons

discussed in Section 3.4.26 I provide simulation results on the whole grid of α and β in

Appendix A.2.

Collusion among algorithms Both in two and three-firm markets, algorithms converge

to non-competitive price levels.27 In 0H2A the average market price across 1,000 independent

simulation runs is 3.975 and thus, close to the monopoly price of 4. Also, in 0H3A, the average

market price of 2.259 is above pNE . However, prices are substantially lower in 0H3A than in

0H2A. Thus, increasing the market size reduces market prices and leads to more competitive

markets. Notably, these results are robust to varying the learning rate α and the exploration

decay β (see Appendix A.2). These findings are summarised in Result 1. They align with

Hypothesis 2 and previous findings by Calvano et al. (2020b).

Importantly, these price levels above pNE are not myopic behaviour, but they are actually

supported by punishment strategies that the algorithms learn. The algorithms learn to pun-

ish deviations from the collusive price level and make collusion, thereby incentive-compatible

in the vast majority of simulation runs. Indeed, for 81.4% of all simulation runs in two-firm

26For 0H2A these parameters are α ≈ 0.027 and β ≈ 1 × 10−8. The values for 0H3A are α ≈ 0.029 and
β ≈ 6.16× 10−7.
27While convergence is not guaranteed, the algorithms always converge using the convergence criterion
defined in Section 3.3.
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markets, algorithms learn a limit strategy that makes deviations unprofitable. In three-firm

markets, they do so for 62.7% of all simulation runs.28

Result 1 (Algorithmic collusion). Q-learning algorithms learn to play prices above the p = 1

stage-game Nash equilibrium. These price levels are supported by punishment strategies. It

suggests that algorithms learn to collude.
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Figure 1: Market prices for the algorithmic and human markets for each supergame (SG).
I derive the prices for the algorithmic markets upon convergence as an average over 1,000
subsequent periods for 1,000 independent simulations. The error bars represent the standard
deviation.

Collusion among humans Similar to previous findings in the literature (e.g., Huck et al.,

2004b), collusion becomes more difficult for humans as the market size increases. Average

market prices are higher for each supergame in 2H0A compared to 3H0A. In 2H0A, they

28For further details on how I derive these numbers, see Appendix A.4.



Algorithmic and Human Collusion 31

increase from 2.140 in the first supergame to 2.749 in the second, and reaching 2.842 in

the last supergame. In 3H0A, they move from 1.571 to 1.947 and finally to 2.403. These

differences are (weakly) statistically significant for the first and second supergame but in-

significant for the last supergame (SG1 p = 0.045; SG2 p = 0.055, SG3 p = 0.283; two-sided

Mann–Whitney U tests). Thus, while the difference in prices becomes smaller after learning,

prices are always higher in two-firm markets compared to three-firm markets with humans.

This finding is in line with Hypothesis 2.

While both algorithms and humans see a drop in price due to the increase in market

size, the decline is more substantial for algorithmic markets. While the difference between

two and three-firm markets is around 0.439 in the last supergame for humans, it is 1.716 for

algorithms. It suggests that increasing the market size hampers algorithmic collusion more

than human collusion. As such, fostering larger market sizes can be an even more effective

tool for promoting competition in algorithmic markets.

Comparing algorithmic and human collusion In two-firm markets, algorithms out-

perform humans at colluding. Average market prices in 0H2A are statistically signifi-

cantly higher than in 2H0A for each supergame (p < 0.01 for all supergames; two-sided

Mann–Whitney U tests).

In three-firm markets, algorithms are more collusive than humans in the initial su-

pergames. However, this advantage entirely fades after the first two supergames as there

are no differences between algorithms and humans in the third and last supergame (SG1

p < 0.01; SG2 p < 0.01, SG3 p = 0.980; two-sided Mann–Whitney U tests). Hence, after

humans had the chance to learn about the game, they are as good as self-learnt algorithms
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at colluding in three-firm markets. In other words, trained algorithms can outperform in-

experienced humans at colluding in markets with three firms. Yet, humans are as good as

algorithms at colluding after they gain experience.

Notably, also when comparing the average market prices of humans to other parameteri-

sations of the algorithm, the results are similar (see Appendix A.2 for details). Moreover, in

Appendix A.5, I report additional treatment in which I increase the number of supergames

for humans from three to six. Likewise, algorithms outperform humans in two-firm markets

in these treatments. Also, in three-firm markets, the results remain the same in the sense

that there is no statistically significant difference in market prices for any of the supergames

after the second one.

Result 2 (Comparing algorithmic and human collusion).

• Market prices are decreasing in the number of firms for humans and algorithmic markets

alike.

• Q-learning algorithms are more collusive than humans in two-firm markets.

• In three-firm markets, Q-learning algorithms are more collusive than humans in the

first two supergames. Market prices are similar after humans learnt to play the game.

Result 2 summarises the first main findings of this paper. Within a duopoly, algorithmic

markets are more collusive than human markets. Hence, algorithmic collusion can increase

market prices and hurt competition compared to human pricing. Also, in three-firm markets,

algorithms outperform inexperienced humans at colluding. However, in the last supergame,
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the average market price in human markets is similar to algorithmic markets. Thus, al-

gorithmic collusion appears less alarming as the market size increases and humans gain

experience.

6.2 Algorithmic strategies

Strategy of the selected algorithm in the experiment with humans In the exper-

iment where humans compete against algorithms, I must decide on a specific realisation.

Following the discussion in Section 3.4, I use the limit strategy of the algorithm, that max-

imises the selection criterion Ψ. Hence, it is the best-performing realisation of the algorithm

with the same learning rate α and exploration decay β as in Section 6.1.

Equation 6 describes the core idea of the selected algorithm’s limit strategy. It is nearly

identical for two and three-firm markets.29

pti(s
t) =



pM if st = {pt−1
j = pM |∀j}

pM if st = {pt−1
j = pNE |∀j}

pNE otherwise

(6)

Upon cooperation at the monopoly price pM in the previous period, the selected algorithm

always chooses the monopoly price again. Any deviation from the cooperative outcome is

punished by playing pNE . If and only if all firms played pNE in the previous period, the

29There are minor differences between the strategies in 0H2A and 0H3A. Namely, in 0H3A, a small number
of states trigger a different response by the selected algorithm after deviations from the monopoly price. For
instance the state st = (4, 3, 0) leads to at = 4 or st = (4, 4, 2) yields at = 3. However, these states are never
reached after the selected algorithms converge. Furthermore, in mixed market experiments, these states only
account for approximately 1% of all rounds. Additional details are provided in Appendix A.9.
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selected algorithm reverts to playing pM . The selected algorithm plays pNE in every other

relevant state.30

Interestingly, this strategy is similar to the win-stay lose-shift strategy (WSLS) discussed

by Nowak and Sigmund (1993) in the context of the iterated prisoner’s dilemma. Whenever

an agent uses WSLS in the iterated prisoner’s dilemma, she conditionally cooperates. Upon

any deviation, the agent defects and reverts back to cooperation if and only if both players

defected in the previous period. WSLS has several desirable properties from an (evolution-

ary) game-theoretical perspective. If actions are noisy, WSLS can correct for unintended

deviations when playing with another agent that uses WSLS. That is not the case for other

popular strategies like tit-for-tat. Furthermore, WSLS can detect and exploit unconditional

cooperators after unintended deviations, which may arise if the action implementation is

noisy. However, agents that always defect can exploit WSLS depending on the exact pay-

off structure. Nowak and Sigmund (1993) show that WSLS arises naturally as the most

widespread strategy in an evolutionary simulation in a noisy iterated prisoner’s dilemma

and outperforms other strategies.

Notably, the WSLS strategy does not arise by construction but as a result of the al-

gorithm’s learning procedure. It demonstrates that training Q-learning algorithms in a

simulated environment can lead to strategies like WSLS, which are not only effective in this

setting but have been shown to outperform other strategies in strategically similar environ-

ments. It highlights that this learning approach encourages the development of strategies

known to be among the most successful ones in other settings.

30This refers to all possible states that are reachable given the strategy of the selected algorithm. Thus, I
do not consider states requiring it to play prices that it never plays itself when following its strategy.
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Other algorithmic strategies WSLS is widespread among algorithms, especially among

those close to being the optimal one. As I outline in detail in Appendix A.6, I focus on a fixed

set of strategies popular in studying collusion among humans and Q-learning algorithms to

show this.

I take into account the following strategies: Besides the selected algorithm’s strategy,

there can be other WSLS variations with different price levels in the collusion and punishment

phase. I consider price “cycle” strategies, “always Nash”, “myopic” strategies, “tit-for-

tat” (TFT), “grim trigger” strategies (GT), and other one-period punishment strategies

that coordinate on asymmetric prices in the punishment phase. Furthermore, even with

memory-one algorithms, strategies with extended punishment phases after a deviation are

possible. Agents could learn them by jointly coordinating on an (asymmetric) price vector

in a punishment phase.

I consider these strategies for two and three-firm markets for the entire parameter grid of

α and β, for the exact parameters of the selected algorithms for different simulation runs, and

for algorithms that are close to optimal. For the latter, I consider the 100 best-performing

realisations of the algorithm according to the selection criterion Ψ.31 The intuition is that

these algorithms could be chosen by a firm with a similar likelihood as the selected algorithm.

Table 3 presents the results from the strategy classification. In two-firm markets, WSLS

is the most frequent strategy for all parameterisations. Across the entire grid, around 34% of

algorithms learn a variation of it. This value increases to 39% for algorithms with the same

α and β parameters as the selected algorithm. Note that it is not always the exact strategy

as described by Equation 6 but variations of WSLS with different collusion and punishment

31Note that these may differ in α and β to the actual best-performing algorithm.
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Table 3: Proportion of strategies for two and three-firm markets

Two firms Three firms

Strategy Entire
Grid

Parameter
Selected

Close to
Optimal

Entire
Grid

Parameter
Selected

Close to
Optimal

WSLS (selected) 0.05 0.19 1.00 0.00 0.01 0.26
WSLS (other) 0.29 0.20 0.00 0.04 0.08 0.11
Myopic 0.09 0.02 0.00 0.03 0.38 0.09
Nash 0.00 0.00 0.00 0.53 0.01 0.00
TFT 0.00 0.00 0.00 0.00 0.00 0.00
GT 0.00 0.00 0.00 0.00 0.00 0.00
Cycle 0.06 0.03 0.00 0.14 0.01 0.01
Other one period 0.19 0.39 0.00 0.02 0.06 0.00
Longer punishment 0.31 0.16 0.00 0.24 0.46 0.53

Punishment length in periods
Avg. length 1.37 1.15 1.00 1.19 1.41 1.75
Avg. length (t > 0) 1.52 1.17 1.00 2.70 2.29 1.92

Notes: This table presents the proportion of strategies employed by algorithms in
two and three-firm markets for the entire parameter grid, the parameters of the
selected algorithm and algorithms that are close to being optimal. A summary
and explanation for all strategies is provided in Table A.1 in Appendix A.6. “Avg.
length” indicates the average punishment length across all scenarios, while “Avg.
length (t > 0)” considers only simulations runs with some punishment, excluding
“Myopic” and “Always Nash”.

levels. When focusing on algorithms that are close to optimal, all learn the exact same WSLS

strategy as the selected algorithm.

In three-firm markets, there exists a considerable variation in strategies. Focusing on

the entire parameter grid, algorithms mostly learn to play pNE , which accounts for 53%

of strategies, while variations of WSLS account for 4% of the data. The share of WSLS

increases to 9% for algorithms with the same α and β as the selected algorithm. Intuitively,

this share is not higher for these parameters as the average price is only around 2.26. For

algorithms that are close to optimal, WSLS is again one of the most frequent strategies, with
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26% learning the same strategy as the selected algorithm and another 11% learning other

variations of WSLS.

While algorithms never learn grim trigger, they sometimes learn extended punishment

strategies, particularly in three-firm markets (53% of near-optimal algorithms), which results

in an average punishment length of 1.75 periods. It is not a distinct, well-defined strategy

but a set of strategies where the algorithms punish by coordinating on a particular price

cycle after a deviation, often with asymmetric prices across firms in the punishment phase.32

In fact, among near-optimal algorithms in three-firm markets, 81% of these strategies occur

only once and follow a unique price path after one of the agents deviates. In other words,

these strategies are highly specific to the opponent that the algorithms learnt against.

As highlighted by Eschenbaum et al. (2022), Q-learning algorithms in pricing environ-

ments can overfit to the strategy of the rival they encountered in the learning environment.

It results in a considerable heterogeneity of strategies and limits the ability of the algorithms

to extrapolate to new markets with different competitors. Importantly, as discussed in Sec-

tion 3.5, the selection criterion offers a way to restrict the set of algorithms. It focuses on

ones that learn strategies which perform well not only against their training opponent but

also against other potential competitors. This is achieved by considering profitability and

optimality across all possible states rather than focusing solely on the state of convergence.

Consequently, for near-optimal algorithms, the share that learns WSLS increases drastically.

In summary, WSLS is the most common strategy among Q-learning algorithms in two

and three-firm markets, particularly for near-optimal ones. This aligns with recent findings

by Schaefer (2022); Barfuss and Meylahn (2023); Bertrand et al. (2025), and Kasberger

32I provide examples for these strategies in Figure A.10 in the appendix.
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et al. (2023) for the iterated prisoner’s dilemma, that show that WSLS is the most common

strategy among Q-learning algorithms. Other strategies in my environment are either non-

collusive or overly specific to opponents’ behaviours, making WSLS the most reasonable

focus for human-machine interactions.

6.3 Collusion between humans and algorithm

Collusion in mixed markets In this section, I consider the outcomes for mixed markets in

which humans compete against the selected algorithm with the fixed limit strategy described

by Equation 6. Figure 2 shows the average market price pooled across all supergames for all

treatments.

2H0A 1H1A 0H2A 3H0A 2H1A 1H2A 0H3A
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Figure 2: Average market prices for all treatments. For treatment with humans, I pool
market prices across all supergames. For algorithmic markets, I use the parameterisation of
the selected algorithm as a comparison unit. The error bars represent the standard deviation.
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Within two-firm markets, there are no statistically significant differences in market prices

between two humans (2H0A) and one human competing with one algorithm (1H1A) (p =

0.84, two-sided Mann–Whitney U test). Thus, contrary to Hypothesis 1, the selected al-

gorithm does not foster collusion. Nevertheless, on average, a single selected algorithm

is as good at colluding with a human as another human player. Furthermore, prices in

1H1A are significantly lower than in the fully algorithmic market 0H2A (p < 0.01, two-sided

Mann–Whitney U test). Hence, market prices are weakly increasing in the number of algo-

rithms. While algorithms never foster competition in a duopoly, they make markets more

collusive if all firms utilise them.

In three-firm mixed markets, I observe a non-linear relationship between the level of

tacit collusion and the number of algorithms in the market. Market prices in 2H1A are

lower than in 3H0A (p = 0.07, two-sided Mann–Whitney U test).33 Adding another selected

algorithm to the market (1H2A) increases prices again compared to 2H1A (p < 0.01, two-

sided Mann–Whitney U test). There are no statically significant differences between 1H2A

and 0H3A (p = 0.76, two-sided Mann–Whitney U test). Thus, algorithms only foster collu-

sion if all firms use one, and in particular, only if humans are in the initial two supergames,

when they are still inexperienced, as evidenced by a lack of statistically significant market

price differences between 3H0A and 0H3A in the last supergame (see Section 6.1).

Heterogeneous strategies in mixed markets In Figure 3, I plot the average market

price by round and supergame for each experimental treatment. While 1H2A and 1H1A

have a similar trend as 2H0A in the first supergame, 3H0A and 2H1A have noticeably lower

33Note that the result differs from Normann and Sternberg (2023) who find that a single tit-for-tat algorithm
fosters collusion with three firms in a simpler market environment. The strategies of human sellers drive
these results, and I analyse them in the subsequent paragraph.
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market prices. In fact, after some initial rounds, average prices in 2H1A are at the p = 1

stage game Nash equilibrium. In the later supergames, some interesting patterns emerge

after the participants learn about the game. Prices in 2H1A are still close to pNE . While

average market prices in 1H1A and 1H2A are similar to 2H0A, there are sharp spikes in

every other round.
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Figure 3: Average market prices by supergame and round for all experimental treatments.

To understand these price patterns, it is essential to remember that participants during

the experiment play against the limit strategy of the selected algorithm. In other words,

participants play against a variation of a win-stay lose-shift strategy. Normann and Sternberg

(2023) demonstrate that the algorithm’s strategy is a significant determinant of outcomes in
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human-machine interactions. The expectations that participants have about the algorithm’s

behaviour are mostly irrelevant. Hence, it is essential to understand how participants respond

to the selected algorithm’s strategy in the presented setup.

While participants do not know the this strategy initially, they can learn about it during

the first supergame. Once a participant understands how the selected algorithm works, there

are different ways to adapt her strategies, as a response. First, she can always cooperate

with it at the monopoly price. Second, she can always defect at the p = 1 stage game

Nash equilibrium. Moreover, while the limit strategy of the selected algorithm can correct

unintended deviations and punish intended deviations by other firms, it is also possible to

construct strategies that try to exploit the selected algorithm. To see this, consider a three-

firm market where two firms use the strategy described by Equation 6 and firm k uses the

following strategy

ptk(s
t) =


pD = 3 if st = {pt−1

j = pNE |∀j}

pNE otherwise

(7)

Given that the selected algorithm always plays pM after all firms played pNE in the

previous round, the strategy by firm k triggers the selected algorithms to cooperate every

other round only to exploit their cooperative phase by choosing the most profitable deviation

pD.
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It is straightforward to show that in an infinitely repeated game with δ = 0.95 this

exploit strategy of firm k strictly dominates cooperation at the monopoly price in three-

firm markets. However, this strategy is dominated by always cooperate for two-firm

markets (see Appendix A.8 for the details).

Furthermore, they can play an imperfect exploitation strategy by playing a price of p = 2

in the cooperative phase of the selected algorithm and p = 1 otherwise. I denote this

strategy by exploit2. The strategies always defect and exploit2 are dominated by

always cooperate and exploit.

To investigate which strategies the participants use in 1H1A and 1H2A against the algo-

rithm, I estimate a mixture model using the Strategy Frequency Estimation Method (SFEM)

proposed by Dal Bó and Fréchette (2011). The method is highly influential for estimating

strategy choices in infinitely repeated games, especially the prisoner’s dilemma (e.g., Fuden-

berg et al., 2012; Romero and Rosokha, 2018; Dal Bó and Fréchette, 2019). Starting from

a predefined set of strategies, SFEM assumes that subject i, chooses strategy stratk with

probability ϕk, and follows this strategy for all rounds of the game. In each period, partici-

pant i selects her price according to strategy stratk with probability σ ∈ (1/2, 1) but makes

an error with probability 1− σ. The individual likelihood that participant i plays according

to strategy k is given by Pi(strat
k) =

∏
t σ

It,i(1−σ)1−It,i . The identifier variable It,i equals

1 if the price of participant i in period t corresponds to the price she would have played if

she followed strategy stratk. Otherwise, It,i equals zero. The log-likelihood function is given

by L =
∑

i ln(
∑

k ϕ
kPi(strat

k)). The estimate of ϕk represents the share of participants in

the population that uses strategy k. The value of σ can be interpreted as a goodness of fit

parameter. The model is noisy if σ is close to its lower bound of 0.5. The model describes
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the data well for values of σ that are close to 1. For the estimation procedure, I focus on the

strategies that are reasonable when competing against the algorithm (always cooperate,

always defect, exploit, and exploit2). Moreover, I restrict the analysis to the last

supergame. Table 4 shows the results of the estimation procedure.

Table 4: Estimated proportion for each strategy

Strategy
Treatment

1H1A 1H2A

Always cooperate
0.61 0.48
(0.09) (0.11)

Always defect
0.10 0.22
(0.05) (0.11)

Exploit
0.29 0.29
(0.08) (0.10)

Exploit2
0.00 0.02
(0.00) (0.05)

σ 0.92 0.84

Notes: This table shows the proportions of strategies humans play against the selected algorithm. I
estimate them using the strategy frequency estimation method. The mixture model is estimated by
maximum likelihood estimation. I restrict the data to the last supergame. The bootstrapped standard
errors are in parentheses.

Participants’ most frequent strategy against the selected algorithm is always cooper-

ate in both treatments. The estimated proportion is, however, smaller in 1H2A compared to

1H1A. Also, exploit is prevalent in the population, but the estimates do not differ between

1H1A and 1H2A. Notably, the share of always defect is higher in 1H2A compared to

1H1A. The imperfect exploitative strategy exploit2 is never played in 1H1A, and it only

accounts for a share of 0.02 of the data in 1H2A.

In line with the shift in incentives when increasing the market size, fewer participants

play a cooperative strategy against the selelcted algorithm in 1H2A. Yet, participants often
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fail to learn the best response as exploit and always cooperate dominate always de-

fect in 1H2A. A possible reason is that learning about the environment is more difficult

in 1H2A due to higher strategic complexity. While both algorithms in 1H2A use a WSLS

strategy, participants still have to consider additional information compared to 1H1A. That

can impede learning for a subset of participants. Individual prices reveal that some partic-

ipants circle between prices of 1, 2, and 3 without a clear pattern. It appears that these

participants did not learn to follow a fixed strategy (see Appendix A.9 for the price patterns

on an individual level). This argument is also supported by the smaller value of σ and

higher standard errors in 1H2A, as it indicates a more noisy behaviour of the participants.

While average market prices in 1H1A (1H2A) and 2H0A (3H0A) are similar, it is usually not

the case for individual markets. Depending on the particular strategies that humans learn,

mixed markets can be more or less collusive than their entirely human counterparts.34

In 2H1A, it is also crucial to consider the possible strategies humans can use against the

algorithm. While Always cooperate and Exploit are both still viable options to play

against the selected algorithm, they now require joint coordination by two humans. Indeed,

low prices in 2H1A can be explained by a frequent failure to coordinate simultaneously

against the algorithm. While some markets manage to collude at the monopoly price, most

participants fail to coordinate on any other strategy than Always defect against the

selected algorithm.35

Discussion of humans interacting with other limiting strategies A natural question

is how humans would compete against other strategies that are not WSLS but which other

34Also Hanspach et al. (2024) find heterogeneous market outcomes depending on the exact number of
algorithms in the market using data from the Dutch online retailer bol.com.
35Figure A.14 in Appendix A.9 highlights these price patterns.
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algorithms occasionally learn. This is particularly relevant for algorithms that are close to

optimal according to the selection criterion, as they have a similar likelihood of being chosen

by a firm when deciding to deploy one.

There is no variation in strategies among close-to-optimal algorithms in two-firm markets,

as discussed in Section 6.2. As such, focusing on the WSLS strategy is largely without any

loss of generality. I expect the results from the 1H1A treatment to generalise to other

realisations of algorithms.

Similarly, WSLS is a common strategy in three-firm markets. It repeatedly occurs among

close-to-optimal algorithms, but algorithms also learn other strategies. In particular, they

sometimes adopt specific punishment strategies that can last for more than one period.

In 2H1A, results would likely be similar if firms used algorithms with a longer punishment

phase. Participants fail to coordinate on a joint strategy to play against the selected algo-

rithm. This pattern would be similar for different algorithms, especially since coordination

on a joint strategy is even more challenging given the overly specific strategies developed in

the learning environment against the competitor.

Also, in 1H2A, other close-to-optimal algorithms are unlikely to foster collusion compared

to the experiments with the selected algorithm, as the limit strategies are specific to the

behaviour of its competitors. At the same, the algorithms tend to punish longer and may

not be exploitable. This, in turn, can foster collusion compared to the experiments with the

selected algorithm for this market composition.

I conduct additional robustness experiments to investigate the potential pro-collusive ef-

fect of other close-to-optimal algorithms in 1H2A. I report them in Appendix A.7. I focus on

the algorithms that maximise the selection criterion Ψ, but did not learn WSLS as their limit
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strategy. The strategies are more complex and use a longer punishment mechanism. Further-

more, they are not exploitable, and colluding with them at the monopoly price is the best

response. Market prices in these additional treatments are smaller than in 1H2A, with WSLS

in all supergames. It suggests that the complexity of these non-WSLS strategies can hinder

collusion when interacting with humans, even though they are not exploitable. The simpler

strategy of WSLS appears beneficial when trying to facilitate collusion in mixed markets

with three firms, even when more complex strategies might seem theoretically superior.

Summary and implications Within my framework, firms have a clear incentive to use

Q-learning-based pricing algorithms in a duopoly. If only a single firm adopts it, prices do

not change. Yet, if both firms outsource their pricing decisions to an algorithm, markets

become more collusive, which in turn increases firms’ profits.36 This effect resembles recent

findings by Assad et al. (2024) on the German gasoline market, showing that prices only

increase if both firms in a duopoly adopt a price algorithm.

For triopolies, outcomes depend on the exact market composition. Algorithms only hurt

competition if most firms decide to use pricing algorithms and humans lack experience.

Furthermore, adoption incentives are less obvious compared to a duopoly, as firms’ profits

can decrease if only a single firm utilises them. It suggests that algorithmic collusion may,

in particular, be a problem in smaller markets where coordination is easier to achieve.

Result 3 summarises the results on all market compositions and the interaction of humans

and algorithms.

36Köbis et al. (2021) argue that the decision to delegate the pricing to an algorithm can be particularly
relevant as it allows the firms’ manager to morally distance herself from the unethical behaviour of collusion.
In my experiment, firms cannot decide whether they want to adopt a pricing algorithm as it is determined
exogenously. For experimental evidence on the endogenous decision to delegate to pricing algorithms in
oligopoly markets, see Normann et al. (2025).
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Result 3 (Collusion between humans and algorithms).

• In duopolies, Q-learning algorithms can foster tacit collusion, and market prices are

(weakly) increasing in the number of algorithms in the market.

• In triopolies, market outcomes depend on the exact number of Q-learning algorithms

in the market. Only if most firms use pricing algorithms and humans lack experience,

markets become less competitive.

• Q-learning algorithms learn win-stay lose-shift strategies, and the results in mixed

markets differ sharply depending on the strategy that humans use when playing against

the selected algorithm.

7 Concluding remarks

This paper investigates the competitive implications of self-learning pricing algorithms.

While Calvano et al. (2020b) and Klein (2021) document that Q-learning, a type of re-

inforcement learning algorithm, can learn to be collusive, this study addresses two primary

research questions: Firstly, to what extent are self-learning pricing algorithms inherently

more collusive than human decision-makers? Secondly, how do these algorithms alter mar-

ket outcomes when they compete within the same market as humans? To answer these

questions, I employ simulations with reinforcement learning algorithms and laboratory ex-

periments with humans. Across different treatments, I vary the market size and the number

of firms that use a self-learnt pricing algorithm. This approach allows me to provide a coun-

terfactual for algorithmic collusion for a wide range of possible market compositions. It offers

insights into how Q-learning algorithms might foster collusion compared to human markets.
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In duopolies, market prices are weakly increasing in the number of firms that use a

self-learnt pricing algorithm. Markets with one human and one Q-learning algorithm have

similar average market prices compared to entirely human markets. If both firms use a Q-

learning pricing algorithm, market prices are close to the monopoly level and significantly

higher than in markets with humans. In three-firm markets, market prices decrease if a

single firm uses a pricing algorithm. It is driven by the specific strategy the Q-learning

algorithms learn and the failure of humans to coordinate with the algorithm. As more firms

utilise pricing algorithms, prices increase again in three-firm markets. If all firms use a Q-

learning algorithm, market prices can be higher than in human markets. However, the effect

fades after humans have the chance to learn about the market environment. The Q-learning

algorithms frequently learn a strategy that resembles a win-stay lose-shift strategy. It can

make collusion incentive compatible. The outcomes in markets with humans and algorithms

depend on the heterogeneous strategies that humans learn to play against the algorithm.

The results highlight the potential anti-competitive effects of self-learning algorithms and

their limits. Within the presented framework, the concerns from competition authorities

that algorithms can harm the competitive landscape are justified. While the results differ

based on the specific market structure, Q-learning algorithms can be more collusive than

humans, reducing competition when they dominate the market. This effect is particularly

pronounced in duopolies and when all firms employ pricing algorithms. These results align

with recent empirical studies (e.g., Assad et al., 2024; Hanspach et al., 2024) while providing

a more controlled environment. The considered Q-learning algorithms and the experimental
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environment are both simple. Nevertheless, it is plausible that more sophisticated algorithms

could achieve similar results and scale to more complex real-world markets.37

There are several paths for future research to understand further how algorithms can

foster collusion compared to human collusion. First, following the approach from simulation-

based (Calvano et al., 2020b) and empirical papers (Assad et al., 2024), this paper focuses

on two and three-firm markets as it is the most tractable setup. Yet, my results suggest that

algorithms’ advantage over humans at colluding reduces as the market size increases. At the

same time, collusion between humans becomes increasingly challenging for markets with four

or more firms (Huck et al., 2004b). It would be interesting to consider the comparison of

human and algorithmic collusion in even larger markets and investigate whether the threat

from algorithmic collusion is further reduced as the market size expands.

Following prior research on algorithmic collusion, I focus on situations where firms can-

not communicate with each other. It describes the scenario in which algorithms or humans

coordinate their prices solely by observing the actions of the other market participants. Ex-

perimental evidence suggests that communication drastically fosters collusion among humans

as it enhances the coordination possibilities (see, for instance, Fonseca and Normann, 2012).

Recent papers Crandall et al. (2018) and FAIR et al. (2022) suggest that communication can

also help algorithms coordinate in strategic situations. Using today’s communication tools,

such as application programming interfaces, which allow different software applications to

interact with each other or shared servers, even algorithms can communicate with each other

in market-related situations. It is a compelling path for future research to compare explicit

collusion between humans and algorithms.

37Hettich (2021) shows that deep reinforcement learning algorithms can be collusive in a more complex
market environment.
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Another critical concern is how to address algorithmic collusion in terms of its policy im-

plication. My research suggests that, especially in smaller markets, competition authorities

would have to act to prevent harm to competition. Current research in computer science

focuses on explainable artificial intelligence (see Arrieta et al., 2020). The development ob-

jective for these algorithms is that humans can understand their results and the decision

process. Also, for pricing algorithms, explainable artificial intelligence is desirable. Under-

standing why algorithms learn to be collusive and how they must be designed to prevent

collusive market outcomes is critical. It would enable companies that seek to steer clear of al-

gorithmic collusion to appropriately design their pricing tools, ensuring compliance with legal

and regulatory frameworks. Furthermore, as Calvano et al. (2020a) suggest, advancements in

explainable artificial intelligence can also provide competition authorities with better tools

to possibly audit pricing algorithms, enabling them to assess their potential for collusive

behaviour.
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