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Abstract

This paper provides experimental evidence on the impacts of irreversibility and
imperfect monitoring on the efficiency and the equity of repeated prisoner’s dilemma
with continuous actions. We find that irreversibility and imperfect monitoring both
lead to inefficient and unequal outcomes. They do so, however, through different
channels. Regarding efficiency, irreversibility delays cooperation by lowering contri-
bution in earlier periods, while imperfect monitoring hampers cooperation by low-
ering contribution across all periods. With regards to equity, irreversibility causes
inequality by imposing an initial discrepancy in contributions that lasts throughout
the game; on the other hand, imperfect monitoring results in unequal outcomes be-
cause subjects become more uncertain about deviations of their opponents. We also
uncover latent individual heterogeneity by estimating the proportion of conditional
cooperators with a finite mixture model.
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1 Introduction

In many economic settings, agents have incentives to free ride and benefit from others’
contributions, often leading to sub-optimal outcomes. Repeated interactions can help
resolve this problem, as dynamic incentives can counterbalance the incentives to free
ride. When deviations from a cooperative path are observed, players can choose to punish
each other, providing incentives for cooperation. However, even in repeated interactions,
cooperation may be difficult to achieve. This study explores two factors that may affect
cooperation - irreversibility and imperfect monitoring.

Consider a two-player repeated prisoner’s dilemma with a continuum of actions. Ac-
tions can be interpreted as the contribution levels to a public project. In the stage-game,
contributing any amount is strictly dominated by not contributing for each player, while
for the two players as a group, both players contributing Pareto dominates having no con-
tributions. When the interaction is infinitely repeated and players are sufficiently patient,
the folk theorem tells us that efficiency can be obtained in equilibrium. We introduce two
factors, irreversibility and imperfect monitoring, that may affect this result. First, when
actions are irreversible (for example because past contributions cannot be refunded), ac-
tions must weakly increase over time. This would affect the ability of players to return
to the no-contribution equilibrium after observing a deviation, and such reduced scope
for punishment can weaken cooperation. Secondly, imperfect monitoring limits players’
ability to detect deviations, and hence the power to punish them. Again, this may reduce
the scope for cooperation.

Irreversibility and imperfect monitoring cause inefficiency to occur in different ways;
irreversibility delays cooperation, while imperfect monitoring may hamper cooperation
in any period. The main insight from the literature on irreversibility (see for example
Lockwood and Thomas, 2002 or Marx and Matthews, 2000) is that cooperation must
occur gradually over time. This is because, with irreversibility, the threat to return to a
non-cooperative outcome is no longer available, since contributions must at least remain
constant. So the only threat available is the withdrawal of future contributions. Such
gradualism will delay players’ reaching contribution levels close to the efficient level, re-
ducing efficiency. On the other hand, imperfect monitoring hampers cooperation. First,
because it is difficult to detect deviations, players are less willing to cooperate. Further-
more, punishment will necessarily occur even if no deviation has taken place. While some
cooperation is still feasible with either irreversibility or imperfect monitoring, Guéron
(2015) shows that when both are present, cooperation is impossible to achieve.

This paper uses a laboratory experiment to explore how irreversibility and imperfect
monitoring affect cooperation. We consider a repeated prisoner’s dilemma with a contin-
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uum of actions and a linear payoff structure. The experiment has four treatments that
vary along two dimensions: reversible or irreversible actions, and perfect or imperfect pub-
lic monitoring. With reversible actions, theory predicts that all feasible and individually
rational payoffs can be obtained in equilibrium, both for perfect or imperfect monitoring.
With irreversibility and perfect monitoring, the Pareto frontier of the equilibrium payoff
set is now bounded away from the Pareto frontier of the feasible payoff set because of
the inefficiency induced by gradualism. Finally, with both irreversibility and imperfect
monitoring, theory predicts that no cooperation is feasible in equilibrium.

We observe that both irreversibility and imperfect monitoring cause significant losses
in efficiency. For irreversibility treatments, this loss is due to a delay in cooperation, as
evidenced by the fact that cooperation is reduced mostly in the early periods of the game.
In contrast, with imperfect monitoring, we see lower cooperation levels across all periods.
We also find that both irreversibility and imperfect monitoring tend to increase inequality
between players. Our interpretation is that under irreversibility, inequalities from early
periods may not easily be corrected and persists throughout the game. With imperfect
monitoring, noise in the public signal, especially if negative, makes subjects uncertain of
deviations of their opponents, and this increased uncertainty drives inequality.

At the individual level, imperfect monitoring significantly decreases period 1 contribu-
tion under reversible actions. Hence imperfect monitoring lowers ex-ante cooperation even
though there is no history on opponent’s behavior, implying that imperfect monitoring
lowers the initial willingness to cooperate. We also focus on heterogeneity in individual
behavior. In all treatments a significant proportion of subjects act as conditional cooper-
ators. Conditional cooperators are those who show cooperative behavior only when their
opponent does si. We use a finite mixture model to uncover latent heterogeneity and find
significant proportion of conditional cooperators in all treatments.

Our work is related to three strands of research. First, the experimental literature
on infinitely repeated prisoner-dilemma games has focused on identifying complicated
history-dependent strategies and understanding the determinants of cooperation (Dal Bó,
2005,Blonski et al., 2011, Fudenberg et al., 2012, and Sherstyuk et al., 2013).1 They find
that going from a one-shot PD games to an infinitely repeated one increases the rate
of cooperative behavior significantly. We investigate how irreversibility and imperfect
monitoring disturb the established results on cooperation in prisoner’s dilemma.

Second, our work is related to the experimental literature on dynamic games. This
paper is the first to introduce irreversible actions in a repeated prisoner’s dilemma game.
The literature on sequential provision of public goods (Dorsey 1992; Duffy et al., 2007;
Choi et al., 2008; Diev and Hichri, 2008 Choi et al., 2011) considers how a gradual decision

1See also a recent survey is Dal Bo and Frechette (2016).
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process can affect the provision in a static public goods game. Though the decision is
made over multiple periods, players’ utilities are determined only by the final level of the
public good. In our setup, each period is a distinct stage game with a flow payoff for
each player. Probably the most closely related paper is Battaglini et al. (2016), whose
irreversibility treatment is quite similar to ours. Their reversibility treatment, however,
is also a dynamic game where players are essentially allowed to steal from the stock
of previous contributions. In contrast, we consider what happens when irreversibility is
applied to the standard structure of a repeated PD game.2 Our results show that the
dynamic structure of actions significantly affects efficiency and equity. Ours is one of the
first papers to measure the inefficiency brought about by irreversible actions.

Finally, there are studies that consider the role of imperfect monitoring in repeated
games. Aoyagi and Frechette (2009) are the first to introduce imperfect monitoring in an
experimental setting. They find some efficiency loss when the size of noise is large. On
the other hand, most of the literature, including Fudenberg et al. (2012), Embrey et al.
(2013), and Aoyagi et al. (2015), does not find any impact of imperfect public monitoring.
Contrary to these studies, we find that imperfect monitoring reduces efficiency, confirming
the result of Aoyagi and Frechette (2009). Moreover, we observe inefficiency in initial levels
of contributions, implying that imperfect monitoring decreases willingness to cooperate
even for history-independent choices.

The main contribution of this paper is that it identifies and compares the effects of
imperfect monitoring and irreversibility on efficiency and equity in repeated game settings.
Although there is a growing literature on repeated game experiments, we are not aware of
any other work that examines the joint effect of imperfect monitoring and irreversibility
using a lab experiment. By comparing these two, we differentiate the impact of these
restrictions in two dimensions of efficiency and equity.

This paper is organized as follows. Section 2 introduces our model and theoretical
results. Section 3 describes our experimental design. Section 4 presents the results of the
experiment. Finally, Section 5 concludes.

2Kurzban et al. (2008) introduces irreversibility to the trust game and does not find any effect on the
first mover’s investment levels.
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2 Theory

2.1 Stage game

The stage game is a continuous action prisoner’s dilemma. There are two players, i = 1, 2,
and each player chooses a contribution level ci ∈ [0,∞), i = 1, 2. Payoffs are given by

ui(c1, c2) = π(ci, cj) =

π1ci + π2cj if ci + cj ≤ 2c∗,

π1ci + π2(2c∗ − ci) if ci + cj > 2c∗,

where π1 < 0, π2 > 0, and π1 + π2 > 0.
A player’s payoff is strictly decreasing in his own contribution, weakly increasing in

the other player’s contribution, and total payoffs are increasing in the sum of both players’
contributions until the sum reaches 2c∗.

2.2 Structure of dynamic interactions

Time is infinite, t = 0, 1, . . .. In each period there is a probability (1− δ) ∈ (0, 1) that the
interaction stops. Payoffs are realized once the interaction stops. In each period t, players
choose contribution levels (c1,t, c2,t).

Perfect monitoring vs. imperfect monitoring

In games of perfect monitoring, the period-τ expected payoff of player i is given by the
following normalized discounted sum:

(1− δ)
∞∑
t=0

δtπ(ci,t+τ , cj,t+τ ).

In games of imperfect public monitoring, players observe a public signal yt, which is
the only information they have about their partner’s play. The distribution of yt con-
ditional on contribution levels (c1,t, c2,t) is common knowledge and satisfy a continuity
requirement: for small changes in actions, the change in the distribution of the signal is
also small (see Guéron, 2015). We use a noise structure that is multiplicative in the sum
of players contributions:

yt = (c1,t + c2,t) εt,

where the εt are iid and εt ∼ U [1 − r, 1 + r] for r ∈ (0, 1), for all t. The parameter r
represents the size of noise, relative to the sum of contributions. For example, if r = 0.05,
players will observe a signal that is within plus or minus five percent of the sum of
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contributions.
There are two important implications of using such a noise structure. First, if players

do not contribute at all, this will be perfectly known. Moreover, as contributions increase,
the size of the interval of possible contributions increases.

We argue that in this setting, a relative noise structure offers two advantages over
an additive noise structure. First, it is very simple to explain this noise structure to
participants of the experiment. Moreover, it avoids having the possibility to observe
negative signals, which may not seem natural when interpreting actions as contributions
to a public good.

In games of imperfect public monitoring, a strategy may now depend on the public
signal rather than on the other player’s contribution, which is no longer observed, as well
as one’s past contributions. Players will then form expectations as to which histories may
have occurred and will evaluate payoffs according to those expectations.

Repeated game vs. dynamic game

In the repeated game, actions are unconstrained, and players face the same strategic
interaction in each period. In the dynamic game, actions are constrained to be weakly
increasing over time:

ci,t+1 ≥ ci,t

for i = 1, 2 and t = 0, 1, 2, . . .. This models a dynamic contribution game in which past
contributions are not refundable, as opposed to a repeated public goods game.

2.3 Equilibrium payoffs

In this section we provide a brief overview of our results regarding the characterization
of equilibrium payoff sets for each game. More details can be found in the appendix.

First, consider the sum of the stage game payoffs, which is given by u1(c1, c2) +
u2(c1, c2) = (π1 +π2)(c1 +c2) if c1 +c2 ≤ 2c∗ and by u1(c1, c2)+u2(c1, c2) = (π1−π2)(c1 +
c2) + 4π2c

∗ if c1 + c2 > 2c∗. It is maximized when when c1 + c2 = 2c∗, and the maximum
payoff a player can get (when only the other is contributing) is 2π2c

∗. Also, note that a
player can always guarantee at least a payoff of zero by not contributing. Hence, the set
of feasible and individually rational payoffs is given by

F∗ = {(u1, u2) | u1 + u2 ≤ 2(π1 + π2)c∗;u1 ≤ 2π2c
∗;u2 ≤ 2π2c

∗;u1 ≥ 0;u2 ≥ 0}.

We find that for a wide range of parameters, including the ones chosen for our exper-
iment, the equilibrium payoff sets are as follows:
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(d) Irreversible actions and imperfect monitoring

Figure 1: Equilibrium payoff sets

• In the game with reversible actions and perfect monitoring, the equilibrium
payoff set is the whole set of feasible and individually rational payoffs (Figure 1a);

• In the game with reversible actions and imperfect monitoring, the equilibrium
payoff set is the whole set of feasible and individually rational payoffs (Figure 1b);

• In the game with irreversible actions and perfect monitoring, the equilibrium
payoff set is bounded away from the Pareto frontier of feasible payoffs by a factor
(1− δ) and has a linear portion with slope −1 (Figure 1c). The solid red area is the
lower bound on the equilibrium payoff set, while adding the dashed red area gives
an upper bound.);

• In the game with irreversible actions and imperfect monitoring, the only pub-
lic equilibrium is the infinite repetition of the unique state-game Nash equilibrium,
giving a payoff of (0, 0) (Figure 1d).

To characterize the equilibrium payoff set in the repeated game with perfect moni-
toring, we first consider a set of simple stationary grim-trigger strategies: players play a
given action profile (c1, c2) in each period, unless someone deviates in which case they
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play the unique stage-game Nash equilibrium (0, 0) forever. This allows us to recover
an important part of the Pareto frontier of F∗, except for the most asymmetric payoffs.
We then consider the following non-stationary grim-trigger strategy: 1) from period 1
onwards, players play an efficient stationary grim-trigger equilibrium; and 2) in period 0,
one player contributes nothing while the other contributes such that his repeated game
payoff is 0. Incentive compatibility is easy to verify as the player contributing in period
1 gets a payoff of zero whether or not he contributes, and this allows us to recover the
whole Pareto frontier. Given that (0, 0), convexity then ensures that any feasible and
individually rational payoff is an equilibrium payoff.

We can show in a similar way, and given the set of parameters chosen in our exper-
iment, that with imperfect monitoring the set of equilibrium payoffs is again F∗. This
relies on the fact that our monitoring technology is such that the public signal has a
interval support, and punishments for realizations outside of this support will serve as
sufficient deterrents.

In the dynamic game with perfect monitoring, we consider an equilibrium path where
the no-deviation constraints all hold with equality, from which we obtain a system of
second-order difference equations. Solving those allow us to recover part of the frontier
of the equilibrium payoff set, which is bounded away from the efficient frontier (although
this inefficiency disappears as discount factors converge to one). It is however not possible
to provide a full characterization of the payoff frontier in that case, but we do provide
upper and lower bounds.

Finally, with imperfect public monitoring, Guéron (2015) shows that no contributions
is the only equilibrium in public strategies.

In sum, theory offers different role of irreversibility on efficiency because irreversibility
decreases efficiency by a factor of 1 − δ (Lockwood and Thomas, 2002), while in the
case of imperfect monitoring, irreversibility renders cooperation infeasible regardless of δ
(Guéron, 2015). Regarding the role of imperfect monitoring, theory offers little guidance
to the efficiency in the case of reversible actions, as in both cases the equilibrium payoff
set is the set of feasible and individually rational payoffs. On the other hand, imperfect
monitoring has significant impact on efficiency in the case of irreversible actions (Guéron,
2015).
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3 Experiment

3.1 Design

For the experiment, we adopt the linear kinked specification described in Lockwood and
Thomas (2002) with parameters π1 = −1, π2 = 3, and c∗ = 50. To preclude negative
payoffs, 100 is added to each subject’s stage game payoff. Therefore, the stage game payoff
function is given by

π(ci,t, cj,t) =

100− ci,t + 3cj,t if ci,t + cj,t ≤ 100,

400− 4ci,t if ci,t + cj,t > 100.

Subjects choose a contribution level between 0 and 100, with a precision of two decimal
places. A player always has incentives to free ride on his contribution, and receives benefit
from the other’s contributions as long as the sum of contributions is below 100.

After each stage game, the supergame continues to the next stage game with proba-
bility 90% (δ = 0.9) and terminates with probability 10%.

The experiment has four treatments which vary along two dimensions: the commit-
ment structure and the monitoring structure. When actions are irreversible (IRA), in
each period an agent cannot contribute less than in the previous period. There is no such
restriction in the reversible (RA) treatments. Every period, players observe a public sig-
nal that reflects the sum of contributions in that period. With perfect monitoring (PM),
this signal is exactly the sum of contributions. With imperfect monitoring (IPM), play-
ers observe the sum of contributions plus a random noise. The noise follows a uniform
distribution and can be as large as 10% of sum of contributions. For example, if the total
contribution in the previous period for a group is 50, the noise is randomly drawn from
the distribution U [−5, 5].

Each subject participates in one and only one treatment. There are 16 sessions in
total, with four for each treatment. Sessions were conducted at the CEBSS (Center for
Experimental and Behavioral Social Science) Lab at Seoul National University, using z-
Tree (Fischbacher, 2007). All sessions were conducted from September to November 2016.
In each session, after the experimenter explained the rules, subjects were randomly and
anonymously paired via computer with another subject to play a supergame. Subjects
played supergame for 75 minutes in a session. During the session, after a supergame
ends, subjects are randomly rematched to play another supergame. To control supergame
lengths across treatments, we use the random termination rule (δ = 0.9) for the four
sessions with (IRA, IPM) treatment. Then we take the realized series of supergame lengths
from each session and use this series in one session from each of the remaining treatments,
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Table 1: Summary information on each treatments

Treatment Subjects Session Subjects per session Supergames Rounds per supergame Average earnings
Average max min

(RA, PM) 56 4 12,14,14,16 13,14,16,16 8.5 28 1 $24.1

(RA, IPM) 58 4 12,14,16,16 10,14,18,21 8.6 28 1 $22.1

(IRA, PM) 58 4 14,14,14,16 13,17,18,19 8.6 28 1 $21.2

(IRA, IPM) 54 4 12,14,14,14 14,16,17,23 8.9 34 1 $19.4

so that each realized length series is used four times in total3.
After each period, subjects observe the complete history of public signals in their

group. After a supergame ends, subjects review a summary of the game, including their
choice, their partners’ actual choice, the public signal, the amount of noise, and their
payoff from each period.

The supergames lasted between 1 and 34 periods, with an average of 8.7 periods,
close to the expected value of 10. Participants were paid according to the total amount
of ECUs (one to one exchange rate between KRW) with an average of 25800, including a
show-up fee of 5000. 4 Sessions took around less than 2 hours. Table 1 provides summary
statistics of the 4 sessions across each treatment, 16 sessions and 226 subjects in total.

4 Results

Our analysis is threefold: first, we study how irreversibility and imperfect monitoring
affect efficiency; then how they affect equity; finally we study how they affect individual
behavior.

We first present an overview of our results, before expanding in the following subsec-
tions. The top row of Figure 2 shows the normalized payoff of each supergame for each
treatment. Each dot represents a supergame, with the coordinates indicating the payoff
for each agent in the group.5,6 As we control the length of supergames, the supergame
outcomes are directly comparable across treatments. The orange lines (horizontal and
vertical) represent the minmax payoff for each player. For comparison, the bottom row
shows the theoretical predictions for each treatment.

3This method is used by Aoyagi et al. (2015) to control the effect of length in supergames across
treatments.

4In 2016, the average exchange rate is around 1 USD = 1100 KRW.
5If a supergame lasts K periods, players receive a payoff stream of P1, ...., PK . The ex-ante normalized

payoff from the supergame is defined as P1+P2δ+...+PKδ
K−1

1+δ+δ2+...+δK−1 .
6Because the permutation of player labeling is irrelevant, a single observation is plotted twice on both

sides of the 45-degree line.
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Looking at the most left panels of Figure 2, one can see that in the (RA, PM) treat-
ment, a large proportion of the data is clustered around (200, 200), which is Pareto op-
timal and on the 45-degree. On the other hand, looking at the most right panels, we can
see that in the (IRA, IPM) treatment, a large proportion of the data is clustered around
(100, 100), which is stage-game Nash equilibrium. We can also check that dispersion from
45-degree line in (IRA, IPM) is greater than (RA, PM) treatment.

In Table 2 shows the summary statistics corresponding to Figure 2. We summarize
the normalized supergame payoff to measure efficiency and the distance from 45 degree
line to measure equity. There are large differences in the normalized supergame payoff
across treatments: the (RA, PM) treatment has the largest normalized payoff (84.5% of
efficient level), while the (RA, IPM) treatment achieves 69.1% of the efficient level, the
(IRA, PM) treatment 47.2%, and finally the (IRA, IPM) treatment 33.5%.7

Although we cannot make a direct comparison, our results of (RA, PM) treatment
are in line with the findings of Aoyagi et al. (2015) and Rand et al. (2015), who find
cooperation rates above 60% under perfect monitoring, using a similar discount factor
(δ = 0.9). We believe that the higher rate of cooperation achieved in our (RA, PM)
treatment (84.5%) may be due to to our experiment using a continuum of actions, which
allows agents to fine adjust their level of cooperation more precisely.

Table 2 also provides some insights into the distribution of payoffs between players
across treatments. To investigate this, we focus on the distance from 45 degree line in
Figure 2. The distance increases in the reverse order from the order of efficiency. (RA,
PM) treatment has 12.8 on average, while (IRA, IPM) has 33.5 on average. This increased
distance implies that irreversible action and imperfect monitoring affects to asymmetric
outcomes.

Finally, note that there is a wide disparity of the proportion of payoffs that fall
below the minmax payoff of a player across treatments (between 2.4% and 19.9%). This
increased individually irrational payoff implies the fact that in IRA and IPM treatment,
correction of exploitation by one-side is much harder.

4.1 Efficiency and Equity

We now present regression analysis that pertain to our results regarding the level of
efficiency and equity.

Table 3 shows the regression results for the sum of normalized payoffs in a group, which
has a maximum value of 400. The first column shows results for the pooled data across

7The efficiency ratio is defined as the observed normalzied payoff over stage Nash equilibrium payoff
as percentage of the maximal payoff gain over stage Nash payoff.
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Table 2: Summary statistics at the supergame level

(RA, PM) (RA, IPM) (IRA, PM) (IRA, IPM)

Variable: Normalized supergame payoff

Mean 369.1 338.2 294.4 267.0

S.D. 45.3 53.1 52.4 53.3

% of efficiency 84.5% 69.1% 47.2% 33.5%

Variable: Distance from 45-degree line

Mean 12.8 22.5 25.2 33.5

S.D. 22.1 27.7 32.3 41.8

% of irrational payoff 2.4% 6.1% 8.5% 19.9%

Observations 351 383 377 354

all treatments, while other columns show the results for the subsamples that correspond
to perfect monitoring, imperfect monitoring, reversible actions and irreversible actions.

In the pooled data analysis (column (1)), both the IRA and IPM dummy variables
are negative and significant at 1% level, showing an important efficiency loss: 73.1 for
irreversibility and 29.3 for imperfect monitoring. The magnitude of coefficient of IRA
is significantly greater than that of IPM (F statistics: 28.7, p-value<0.01) which shows
more serious efficiency loss caused by IRA than IPM. Columns (2)–(5) in Table 3 show
the regression analysis for each sub-sample. In all specifications there is a robust efficiency
loss caused by either IRA or IPM.

Our analysis is the first to measure the degree of inefficiency due to irreversibility
constraints in a standard repeated public goods game setting. We also note that that
relevant literature provides contrasting views about the impact of imperfect monitoring
on efficiency. Aoyagi and Frechette (2009) find an increase in inefficiency with an increase
in the size of noise in the public signal, which is in line with the theoretical predictions
of their model. In contrast, the equilibrium payoff set is unchanged in our model when
introducing imperfect monitoring. Even though they have same theoretical prediction, we
find a significant inefficiency from imperfect monitoring. On the other hand, Aoyagi et al.
(2015) do not find an increase in inefficiency due to imperfect monitoring. We believe that
the particular structure of our game has to do with our results of significant inefficiency
caused by imperfect monitoring. First, we consider a relative noise, which means that the
more subjects contribute, the bigger the noise can be, while Aoyagi et al. (2015) used
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Table 3: Treatment effects on efficiency

Dependent variable: Normalized supergame payoff

(1) (2) (3) (4) (5)
Sample All PM IPM RA IRA

IRA -73.1*** -74.7*** -71.5***

(6.9) (9.3) (9.9)
IPM -29.3*** -31.0*** -27.6*

(6.8) (5.3) (12.4)

Constant 339.5*** 332.9*** 316.8*** 351.9*** 254.1***

(8.5) (10.9) (8.3) (8.2) (11.6)
Fixed effect Y Y Y Y Y

Observation 1,465 728 737 734 731
R2 0.419 0.449 0.364 0.177 0.296

Notes: Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%. Fixed
effects include sequence of supergame in a session and length of supergames.

a constant amount of noise regardless of the degree of cooperation. Second, our signal
and actions are continuous, which implies that subjects have more degree of freedom in
marginally adjusting their actions while, Aoyagi et al. (2015) adopts standard two actions
PD game structure.

Result 1. Irreversibility and imperfect monitoring causes inefficiency. The decrease of
efficiency is greater in irreversibility than imperfect monitoring.

To consider the impact of IRA and IPM on equity, we consider a regression where
the dependent variable is the distance of each supergame to the 45-degree line. Note that
to control for the effect of efficiency on unequal outcome, we controlled the sum of the
normalized payoff in the supergame.

Our results are shown in Table 4. Column (1), based on all data, shows that both
irreversibility and imperfect monitoring significantly increase inequity between subjects
at 5% level. Specifically, IRA increases the distance from 45-degree line by 11.4 and
IPM increases the distance by 8.8. The coefficient is significantly larger in IRA than in
IPM (F statistics: 12.01 p-value<0.01). Columns (2)–(5) show a robustness check using
sub-sample analysis, and are consistent with the pooled data analysis.

Result 2. Irreversibility and imperfect monitoring causes inequality. Irreversibility results
higher inequality

In this section, we measured the amount of inefficiency and inequity that IRA and
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Table 4: Treatment effects on equity

Dependent variable: Distance from 45-degree line

(1) (2) (3) (4) (5)
Sample All PM IPM RA IRA

IRA 11.4*** 10.8* 11.2*

(3.8) (4.8) (5.3)
IPM 8.8** 6.6*** 11.8*

(3.5) (1.8) (5.5)

Constant 33.1*** 41.6*** 62.2*** 60.6*** 48.1***

(5.8) (10.9) (8.3) (8.2) (11.6)
Fixed effect Y Y Y Y Y
Efficiency Y Y Y Y Y

Observation 1,465 728 737 734 731
R2 0.098 0.119 0.094 0.180 0.076

Notes: Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%. Fixed
effects include sequence of supergame in a session and length of supergames.

IPM cause. The effects of IRA and IPM are significant and robust in efficiency and equity.
Our empirical results are in line with the theory that both have significant inefficiency.
We also find a significant increase in inequity for IRA and IPM.

4.2 Source of Inefficiency and Inequity

We have seen that both irreversibility and imperfect monitoring affect efficiency and
equity. We now study how the source is different from between irreversibility and imperfect
monitoring.

Source of Inefficiency

Figure 4 shows the average contribution of in each group, per period and for each treat-
ment. The efficient group contribution is 2c∗ = 100 is represented by a red line. We note
two interesting features.

First, controlling for the monitoring, we see that irreversibility causes early contri-
butions to be lower, although later contributions appear to be similar. This can be seen
by comparing the (RA, PM) and (IRA, PM) treatments, which exhibit large gap in the
early stage but similar levels of contributions in the later stage. This pattern is similar
when we compare with (RA, IPM) and (IRA, IPM) treatments. This confirms the grad-
ual cooperation mechanism described in Lockwood and Thomas (2002): contributing too
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Figure 4: Group contribution by period

early does not provide incentives for future cooperation. Therefore, irreversibility reduces
efficiency because a delay in cooperation.

Second, controlling for the commitment structure of the game, we see that imperfect
monitoring reduces contributions throughout the game. Comparing the (RA, PM) and
(RA, IPM) treatments, there is a small gap between contribution levels in the early stages
of the supergame, but the gap increases and persists until the end of the game. This can
also be seen when comparing the (IRA, PM) and (IRA, IPM) treatments. Therefore,
imperefect monitoring hampers cooperation throughout a supergame.

To confirmmore formally, we divide the data into those in the first 10 periods and those
in the later periods. 8 Table 5 shows how irreversibility affect the average contribution level
in each period. Columns (1) and (4) show pooled results for the perfect monitoring and
imperfect monitoring cases respectively, and we can see that irreversibility significantly
decreases contributions at 1% level. However, we can see that this effect is concentrated
mostly in the early stages of the game. Columns (2) and (5) show the regression results
for the sub-samples which contain only the first 10 periods of a supergame. The coefficient
is -29.4 in PM case and -30.8 in IPM case which has greater magnitude in column (1) and
(4). On the other had, columns (3) and (6) show the regression results for sub-samples

8The expected length of the game is 10 periods. We report robustness checks with alternative threshold
period such as 7, 8, 9, and 11.
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Table 5: Impacts of irreversibility on group contribution

Dependent variable: sum of group contribution in period

(1) (2) (3) (4) (5) (6)

PM sample IPM sample
All period Period≤10 Period>10 All period Period≤10 Period>10

IRA -21.2*** -29.4*** 1.7 -21.8*** -30.8*** 3.6
(5.0) (4.7) (3.7) (6.4) (7.3) (4.4)

Constant 65.2*** 68.1*** 85.5*** 69.0*** 71.1*** 71.2***

(9.1) (7.2) (5.6) (8.0) (6.5) (3.9)
Fixed effect Y Y Y Y Y Y

Observation 6,359 4,672 1,687 6,376 4,712 1,664
R2 0.242 0.280 0.122 0.123 0.192 0.098

Notes: Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%. Fixed
effect includes Period fixed effect and order of supergames in session.

which contain only the later than 10 periods of a supergame. Both coefficient is positive
(1.7 in PM case; 3.6 in IPM case) and not significant at 10% level. This result shows that
the effect of irreversibility significantly harm the group’s contribution in the early stages
of the game.

Result 3. Inefficiency due to irreversibility occurs in the early stages of the game.

Table 6 shows the corresponding analysis but for the role of imperfect monitoring
in group contribution. Unlike with irreversibility, we can see that imperfect monitoring
affects efficiency throughout a supergame, rather than only in the early stages of the game.
We confirm that the impact of IPM is still significant at 1% level and the magnitudes are
28.8 in RA and 26.8 in IRA, which are even greater in the later stage ((3) and (6)) than
early stage ((2) and (4)). Thus, imperfect monitoring “hampers” cooperation, rather than
merely delaying it.

Result 4. Inefficiency due to IPM occurs in all stages of the game.

Source of Inequality

We now turn to the source of inequity from irreversibility and imperfect monitoring.
Table 7 shows the impact of the initial difference in contributions (period 1) on the
overall (from period 2 to the end) average contribution difference in each supergame.
Columns (1) and (2) show the results for the two treatments with reversible actions, and

17



Table 6: Impacts of imperfect monitoring on group contribution

Dependent variable: sum of group contribution in period

(1) (2) (3) (4) (5) (6)

RA sample IRA sample
All period Period≤10 Period>10 All period Period≤10 Period>10

IPM -19.8*** -16.5*** -28.8*** -20.2** -17.9* -26.8***

(3.7) (3.7) (3.3) (6.7) (7.8) (3.8)

Constant 97.5*** 92.8*** 99.1*** 35.5*** 33.7*** 88.8***

(6.9) (6.8) (4.8) (6.7) (6.3) (6.1)
Fixed effect Y Y Y Y Y Y

Observation 6,376 4,702 1,674 6,359 4,682 1,677
R2 0.124 0.102 0.196 0.404 0.330 0.337

Notes: Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%. Fixed
effect includes Period fixed effect and order of supergames in session.

we see that there is no significant impact of the initial asymmetry of contributions of
overall asymmetry which implies correction for initial asymmetry between agents.

This is unlike what we see for the treatments with irreversible actions (columns (3)
and (4)), where a difference of 1 between contribution levels in the initial period imply an
overall difference between 0.52 and 0.71. That is, unlike in the case with reversible actions,
initial asymmetries do not get fully corrected. Irreversibility increases inequity because of
initial differences in contribution levels. This persistent impact of period 1 contribution
difference occurs only in IRA treatments and we find some source of asymmetry what
IRA brings.

Result 5. Inequity due to irreversibility is due to initial differences in contribution levels,
which persists throughout the game.

Figure 5 shows the absolute value of the difference in contribution based on the size of
noise in the public signal in the previous period, using the (RA,IPM) sample. We divide
the noise into three categories, based on their relative size. For a large and negative noise
(less than -5%) in the previous period, the average difference in contributions is around 15.
However, as noises increases, we find that the contribution difference decreases. Moreover,
in all cases, the difference in contributions is bigger than in the (RA, PM) treatment,
which is around 9. Our findings are however difficult to interpret in terms of subject
behavior, as subjects do not observe the noise and thus cannot directly condition their
actions upon it.
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Table 7: Regression for persistent effect of period 1 difference

Dependent variable: Overall (from period 2) average contribution difference

(1) (2) (3) (4)

Sample (RA,PM) (RA,IPM) (IRA,PM) (IRA,IPM)

Period1 Difference -0.07 0.02 0.52*** 0.71**

(0.05) (0.06) (0.06) (0.17)

Fixed effect Y Y Y Y
Constant -18.34 0.30 0.90 1.45

(7.89) (3.29) (1.35) (6.89)

Observation 322 352 348 327
R2 0.174 0.069 0.304 0.382

Notes: Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%. Fixed
effects include sequence of supergame in a session and length of supergames.

Result 6. Inequity due to IRA is due to large negative shocks in the monitoring.

In this section, we find different source of inefficiency and inequity what IRA and IPM
bring respectively. We find the inefficiency of IRA is highly concentrated in the early stage
of game (delay), while the inefficiency of IPM is pervasive throughout (hamper). We also
find the inequity of IRA comes from the initial difference in contribution (persistence),
while the inequity of IPM increases when there is large negative random noise in the
previous rounds.

4.3 Individual Behavior

In this section, we investigate individual behavior at the micro level. Our objective is
to understand how IPM and IRA affect willingness to cooperate and their impact on
subjects’ strategies. We first consider the effects of each treatment on the first period’s
contribution level, which is history independent, and a standard measure of the willing-
ness to cooperate. We then attempt to classify experimental subjects between conditional
cooperators, who react significantly to their partner’s changes in contributions, and oth-
ers.

Period 1 Contribution

The period 1 contribution is a widely used metric to measure willingness to cooper-
ate while controlling for the compounding effect of histories. For example, Dal Bó and
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Figure 5: Role of large negative signal in contribution difference

Fréchette (2011) compare choices in the first-period of a repeated prisoner’s dilemma with
the choice in a one-shot prisoner’s dilemma to measure the difference in the willingness
to cooperate. Aoyagi et al. (2015) use this method to compute the inefficiency induced
by various monitoring structures, and do not find a significant impact of imperfect public
monitoring, with respect to perfect monitoring.

Figure 6 shows the average individual period 1 contribution level across treatments.
We can see that IPM affects willingness to cooperate in both the RA and IRA treat-
ments, with a significant decrease of 3.75 (t test statistics: -4.3, p-value<0.01) in the RA
treatment and 2.55 in the IRA treatments (t test statistics: -3.5, p-value<0.01). Thus, we
find that IPM lowers the initial willingness to cooperate, which differs from the findings
of Aoyagi and Frechette (2009) and Aoyagi et al. (2015). We believe that this difference
is due to our use of a continuous rather than discrete action space.

Type Classification

In this section, we identify the proportion of conditional cooperators using a finite mix-
ture model. Conditional cooperators are subjects who cooperate only when their opponent
shows a cooperative behavior. Isaac et al. (1984) first introduced the concept of condi-
tional cooperators in a one-shot PD game. They classify agents into three types: “strong
free-riders”, “weak free-riders” and “altruistic agents”. In a standard repeated game struc-
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Figure 6: Period 1 contribution across treatments

ture, Keser and Van Winden (2000), Fischbacher et al. (2001) and Burlando and Guala
(2005) find a significant proportion of conditional cooperators, so as Battaglini et al.
(2016) in a dynamic contribution game.

We use a finite mixture model to identify the heterogeneous behavior of subjects.9.
The finite mixture model does not impose a strong criterion for classification, which makes
it flexible: each subject is assigned the probability belonging to each group; therefore, it
admits individuals do not behave by a deterministic type.

We assume that subjects belong to one of two types: conditional cooperator (CC); or
others (Others). Let the incremental contribution of individual i in period t be denoted
by INCi

t = Ci
t−Ci

t−1. We focus on increments rather than absolute levels of contributions
because of the dynamic structure of the game imposed by irreversibility constraints. A
conditional cooperator is a subject who positively adjusts their contribution increment in
period t to their opponent’s increment of period t− 1. This is captured by the following
equation:

INCi
t = βtypeINC

j
t−1 + γtype + εit

The coefficient βtype represents how sensitive an individual is to the opponents’ lagged
adjustment. We assume that there are two possible type, either CC or Others. We can
expect that the coefficient β is positive and greater for CC types than for Others types
(βCC >0 and βCC > βOthers).

9See McLachlan and Peel (2004), Bruhin et al. (2010), Harrison and Rutström (2009) or Fischbacher
et al. (2013) for applications of this model.
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Table 8: Classification results

Treatment βCC seCC πCC βOthers seOthers πOthers

(RA, PM) 0.33*** (0.06) 0.93 0.06 (0.09) 0.07
(RA, IPM) 0.49*** (0.06) 0.80 0.12* (0.05) 0.20
(IRA, PM) 0.63*** (0.17) 0.73 -0.39 (0.35) 0.27
(IRA, IPM) 0.50*** (0.04) 0.77 -0.08 (0.13) 0.23

Notes. Session level clustered standard error in parenthesis. Significance levels */**/*** : 10/5/1%.
Period fixed effects are controlled.

Our mixture model is characterized by four parameters (βCC , βOthers; γCC , γOthers), as
well as by the proportions of CC and Others in the population, denoted by πCC and
πOthers. We then construct a likelihood function as follows:

L(β, γ, π) =
N∏
i=1

∑
c∈{CC,Others}

{
πcf

(
INCi

t , INC
j
t−1 | βc, γc

)}t

To estimate πtype, βtype, γtype, each individual’s probability of being assigned a type is
estimated and weighted. The parameters are then estimated using an EM algorithm.
In each step of the estimation, Bayesian algorithms estimate the individual’s posterior
probabilities of being assigned a type. To control for the individual and supergame panel
fixed effect, we followed the modified mixture method of Deb and Trivedi (2013).10

Table 8 shows the estimation of our finite mixture model. We observe a significant
proportion of CC in all treatments (between 73% and 93%), which is in line with the
existing literature. For example Keser and Van Winden (2000), Fischbacher et al. (2001),
and Burlando and Guala (2005) find that around 35–80% of individual are classified as
conditional cooperators. A more direct comparison can be made with Battaglini et al.
(2016), who find more than 77% of conditional cooperators with IRA. This feature of the
data confirms that conditional cooperator is one of the most promising behavior patterns
shown in repeated and dynamic games setting.

5 Concluding Remarks

We consider four dynamic contribution games with a continuum of actions, which vary
along two dimensions. First, actions can either be reversible (or unconstrained), in which
case our game is a repeated public good game, or they can be irreversible (that is, con-

10The detailed method and results regarding the mixture model are in appendix.
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strained not to decrease over time), in which case the game is a dynamic contribution
game with non-refundable contributions. Second, actions can either be perfectly moni-
tored or imperfectly monitored. In the latter case, the signal is continuous, public, and
satisfies a mild continuity requirement.

Theory predicts that in the repeated public good game, whether monitoring is perfect
or imperfect, the set of equilibrium payoffs is the whole set of feasible and individually
rational payoffs. With irreversibility and perfect monitoring, the equilibrium payoff set is
strictly included in the set of feasible payoffs, with an efficiency loss on the order (1− δ),
where δ is the discount factor. Finally, with irreversibility and imperfect monitoring,
cooperation is no longer feasible and no contributions ever take place.

Our experiments show that irreversibility affects efficiency through delayed contri-
butions, whereas imperfect monitoring affects efficiency through an overall lower level
of contributions. This phenomenon had not yet been observed in the literature, and we
attribute it to two specific features of our setup. First, we have a continuum of actions,
which makes it easier to reduce cooperation; moreover, the size of the noise in the public
signal is proportional to the sum of the contributions.

We also find that irreversibility increases asymmetry in payoffs, a result that cannot
be predicted by theory. The reason is that under irreversibility, initial asymmetries in
contributions do not get corrected over time, unlike with reversible actions.

Finally, although our results point towards a reduction in efficiency due to both irre-
versibility and imperfect monitoring, there is still a significant amount of cooperation un-
der joint irreversibility and imperfect monitoring, unlike the prediction of Guéron (2015).
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A Equilibrium payoffs

A.1 Feasible and individually rational payoffs

The sum of stage game payoffs is given by u1(c1, c2) + u2(c1, c2) = (π1 + π2)(c1 + c2) if
c1 +c2 ≤ 2c∗, which is maximized when c1 +c2 = 2c∗. In that case, u1 +u2 = 2(π1 +π2)c∗.
Note that the maximum payoff a player can get is when the other player is the only one to
contribute, up to 2c∗. Therefore we must have ui ≤ 2π2c

∗, and the set of feasible payoffs
is given by

F = {(u1, u2) | u1 + u2 ≤ 2(π1 + π2)c∗;u1 ≤ 2π2c
∗;u2 ≤ 2π2c

∗}.

However, a player can always guarantee a payoff of zero by not contributing, so that
the set of feasible and individually rational payoffs is given by

F∗ = {(u1, u2) | (u1, u2) ∈ F ;u1 ≥ 0;u2 ≥ 0}.

A.2 Reversibility and perfect monitoring

In this section we show that any feasible and individually rational payoff profile u ∈ F∗

is the payoff of a subgame-perfect equilibrium. We do so in two steps.
First, we characterize the payoffs that can be obtained by playing a simple stationary

grim-trigger strategy: players play a given action profile (c1, c2) in each period, unless
someone deviates in which case they play the unique stage-game Nash equilibrium (0, 0)
forever.

We then consider a “modified” grim-trigger strategy in the following way: 1) from
period 1 onwards, players play an efficient stationary grim-trigger equilibrium; and 2)
in period 0, one player contributes nothing while the other contributes such that his
repeated game payoff is 0.

A.2.1 Stationary grim-trigger

We first restrict ourselves to a stationary grim-trigger, where players play a fixed profile
(c1, c2) forever. If there is a deviation, they play the unique Nash equilibrium (0, 0) forever.

Without loss of generality, we consider ci ≥ cj, and check that Pi has no incentives
to deviate. If Pi follows the strategy, he gets a payoff of π1ci + π2cj in each period. If
he deviates, he gets π2cj today followed by 0 forever afterwards.11 Therefore Pi will not

11This is because the best deviation possible is not to contribute, since contributing is strictly domi-
nated.
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deviate if
π1ci + π2cj ≥ (1− δ)π2cj,

and we will have an equilibrium if

cj ≤ ci ≤ −
π2

π1
δcj.

Taking i = 1, 2, we obtain the following characterization of the set of actions that can
be supported by a stationary grim-trigger equilibrium using Nash reversion:

{
(c1, c2) | c1 + c2 ≤ 2c∗;− π1

δπ2
c1 ≤ c2 ≤ −

δπ2

π1
c1

}
.

Note that for this to be possible we must have −π2
π1
δ ≥ 1, that is δ ≥ −π1

π2
. If not, the

only equilibrium of the repeated game is to play (0, 0) forever.
We see in particular that we can reach points on the Pareto frontier of the feasible

payoffs when c1 + c2 = 2c∗. However not all the frontier can be recovered because of the
constraints − π1

δπ2
c1 ≤ c2 ≤ − δπ2

π1
c1. The maximal payoff that P1 can get will be when

c1 + c2 = 2c∗ and c1 < c2 = − δπ2
π1
c1, which corresponds to c1 = −π1

δπ2−π1
2c∗ and c2 = δπ2

δπ2−π1
.

The payoffs are then given by

(u1, u2) =
(

π2
2δ − π2

1
π2

2δ − π2
1 − π1π2(1− δ)

2c∗, −π1π2(1− δ)
π2

2δ − π2
1 − π1π2(1− δ)

2c∗
)
.

Symmetrically, the highest payoff that P2 can obtain from a stationary grim-trigger
strategy is when c1 + c2 = 2c∗ and c2 < c1 = − δπ2

π1
c2, which corresponds to c2 = −π1

δπ2−π1
2c∗

and c1 = δπ2
δπ2−π1

. The payoffs are then given by

(u1, u2) =
( −π1π2(1− δ)
π2

2δ − π2
1 − π1π2(1− δ)

2c∗, π2
2δ − π2

1
π2

2δ − π2
1 − π1π2(1− δ)

2c∗
)
.

A.2.2 Non-stationary grim-trigger

We now consider a class of non-stationary grim-trigger strategies with the following prop-
erties: 1) from period 1 onwards, both players play an efficient stationary grim-trigger
equilibrium; and 2) in period 0, player i contributes 0 and player j contributes (less than
2c∗) so that his repeated game payoff is 0, and any deviation triggers an infinite play of
the stage-game Nash equilibrium.

Such a strategy is trivially a subgame-perfect equilibrium. First, from period 1 onward,
players play a subgame perfect equilibrium. In period 0, Pi clearly has no incentive to
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u1

u2 (
−π1π2(1−δ)

π2
2δ−π

2
1−π1π2(1−δ)2c

∗,
π2

2δ−π
2
1

π2
2δ−π

2
1−π1π2(1−δ)2c

∗
)

(
π2

2δ−π
2
1

π2
2δ−π

2
1−π1π2(1−δ)2c

∗, −π1π2(1−δ)
π2

2δ−π
2
1−π1π2(1−δ)2c

∗
)

F∗

u1 + u2 = 2(π1 + π2)c∗

Figure 7: Pareto frontier using stationary grim-trigger strategies payoffs under perfect
monitoring (in red)

deviate, as he is contributing zero. Finally, if Pj deviates and contributes zero in period 0,
this is followed by an infinite repetition of (0, 0), and the payoff from such a deviation is
0, the same as the repeated game payoff under this modified grim-trigger strategy.

Fix a stationary grim-trigger equilibrium (c1, c2), which is played from period 1 on-
ward. For it to be an equilibrium, we must have c1 + c2 ≤ 2c∗ and − π1

δπ2
c1 ≤ c2 ≤ − δπ2

π1
c1.

In period 0 player i contributes ci,0 = 0 and player j contributes cj,0 ≤ 2c∗ so that the
repeated game payoff of player j is 0, that is, such that:

(1− δ)π1cj,0 + δ(π1cj + π2ci) = 0.

This gives
cj,0 = δ

−π1(1− δ)
(π1cj + π2ci).

The equilibrium payoff of Pj from this non-stationary equilibrium is zero by construction,
while the payoff of Pi is given by

(1− δ)π2cj,0 + δ (π1ci + π2cj) = (1− δ)π2
δ

−π1(1− δ)
(π1cj + π2ci) + δ (π1ci + π2cj)

= (π2 − π1)(π1 + π2)
−π1

δci.

This payoff will be maximized when ci is maximized, given the constraints cj,0 ≤ 2c∗,
ci + cj ≤ 2c∗ and − π1

δπ2
cj ≤ ci ≤ − δπ2

π1
cj. The solution involves having ci + cj = 2c∗ and
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cj,0 = 2c∗, in which that case we have

ci = −π1

δ(π2 − π1)
2c∗,

and
cj = −δπ2 + (1− δ)π1

δ(π2 − π1)
2c∗,

and the repeated game payoff of Pi is therefore

(π2 − π1)(π1 + π2)
−π1

δ
−2c∗π1

δ(π2 − π1)
= (π1 + π2)2c∗.

That is, the payoff from this strategy is one of the end point of the Pareto frontier of
the feasible and individually rational payoff set. Given that (0, 0) is an equilibrium payoff
and that the equilibrium payoff set is convex, any feasible and individually rational payoff
must be an equilibrium payoff.

u1

u2

(2π1c
∗, 2π2c

∗)
played in t = 0

Equilibrium payoff

played for t ≥ 1
F∗

Figure 8: Equilibrium in which one player gets a payoff of zero using a non-stationary
grim-trigger strategy

A.3 Reversibility and imperfect monitoring

Again, we characterize the equilibrium payoff space in two steps. First we look at sta-
tionary grim-trigger strategies, and then consider non-stationary ones. We show that the
set of equilibrium payoffs is again the full set of feasible and individually rational payoffs.
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This is due to our choice of parameters, and also our special monitoring structure, which
does not have full support. The harshest punishment possible will therefore take place if
the signal is outside of its expected support, and this is enough to prevent deviations and
recover the whole payoff space in equilibrium.

A.3.1 Stationary grim-trigger

First, we consider the payoffs sustainable using the following stationary grim trigger strat-
egy: play (c1, c2) forever, where c1+c2 = 2c∗, unless the signal falls bellow (c1 + c2) (1−r),
in which case play (0, 0) forever. That is, players only punish if they know with certainty
that one of them deviated.

Let us check under which condition there is no profitable one-shot deviation for P1.
If P1 follows the strategy, his payoff is given by

π1c1 + π2c2.

Now consider a one-shot downward deviation c1 − x, where x ∈ [0, c1]. The proba-
bility that this deviation is detected is given by P

[
(c1 − x+ c2) ε ≤ (c1 + c2) (1 − r)

]
=

min
{

1, 1
2

x
c1−x+c2

1−r
r

}
, so that for moderate levels of deviation12 the payoff is given by

(1− δ)
[
π1(c1 − x) + π2c2

]
+ δ

2(c1 + c2)r − x(1 + r)
2r(c1 + c2 − x)

[
π1c1 + π2c2

]
.

Differentiating with respect to x gives

−(1− δ)π1 − δ(π1c1 + π2c2)
(1− r)(c1 + c2)
2r(c1 + c2 − x)2 . (1)

For r < 1, this expression is decreasing in x. Therefore if P1 had a profitable deviation,
it can occur either for either x = c1 or for a very small deviation. The latter kind is not
profitable if and only if (1) evaluated at x = 0 is non-positive. This gives

c1 ≤
π2δ(1− r) + 2rπ1(1− δ)
−π1[δ(1− r) + 2r(1− δ)]c2 ≡ Kc2, (2)

and the corresponding constraint for payoffs is given by u1 ≥ Kπ1+π2
π1+Kπ2

u2.
If the deviation is large enough - so that it is detected with probability 1, then the

best deviation is not to contribute and the corresponding constraint is similar to the case
with perfect monitoring.

12That is, as long as 1
2

x
c1−x+c2

1−r
r ≤ 1.
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Given our choice of parameters, K ≥ π2
−π1

δ. Furthermore recall that in the case of
perfect monitoring, a stationary grim-trigger strategy profile with c1 ≥ c2 is be an equi-
librium if c1 ≤ π2

−π1
δc2. Hence any stationary grim-trigger equilibrium in the case of

perfect monitoring is also a stationary grim-trigger equilibrium in the case of imperfect
monitoring.

A.3.2 Modified grim-trigger

We now consider the non-stationary grim-trigger strategy studied in the case of perfect
monitoring. In period 0, Pi plays ci,0 = 2c∗ and Pj plays 0. From period 1 onward players
plays ci = −π1

δ(π2−π1)2c
∗ and cj = 2c∗− ci = δπ2+π1(1−δ)

δ(π2−π1) 2c∗. Any identified deviation leads to
a constant play of (0, 0) forever.

For this to be an equilibrium from period 1 onward, it must be the case that ci ≤ Kcj

(see (2)), which as we have argued will hold given our choice of parameters.
We now check whether Pi wants to deviate in period 0. Again, his options are deviating

all the way to 0 or deviating slightly from 2c∗. The former was already shown not to be
profitable, so we only consider the case of a small deviation.

The deviation payoff in period 0 can be written as

(1− δ)
[
π1(ci,0 − x) + π2c2,0

]
+ δ

2(c1,0 + c2,0)r − x(1 + r)
2(c1,0 − x+ c2,0)r

[
π1c1 + π2c2

]
.

We can see that this deviation is not profitable by comparing the above value with
that from stationary grim trigger. First, the benefit from deviation (the first term) is inde-
pendent of contribution level c1,0. Second, the probability of being detected only depends
on the sum of contributions, which we have set to equal 2c∗. Finally, the continuation
payoff is the same. So as long as the stationary grim trigger after period 1 is sustainable,
this strategy profile is an equilibrium.

A.4 Irreversibility and perfect monitoring

Cooperation becomes more difficult with the irreversibility constraint. Under perfect mon-
itoring, players must gradually increase their contributions (LT). Intuitively, since players
cannot reduce contributions, the only way to be able to punish deviations is to always
hold back a fraction of contribution from the efficient level. Hence, players follow an in-
creasing contribution path and threaten to stop the increase should a deviation occur.
This gradualism means that the efficient frontier shifts inward.

Consider an equilibrium path (c1,t, c2,t)t≥0, and let Vi,t denote the period t non-
normalized payoff from this path: Vi,t = π1ci,t + π2cj,t + δ[π1ci,t+1 + π2cj,t+1] + . . .
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The best deviation in any period, because of irreversibility, is to not increase contri-
butions, and the harshest punishment is that both players maintain their contributions
constant in every subsequent period, which is an equilibrium given that it is strictly dom-
inated to increase contributions. Therefore for (c1,t, c2,t)t≥0 to be an equilibrium, we must
have

π1ci,t−1 + π2cj,t ≤ (1− δ)
[
π1ci,t + π2cj,t + δ[π1ci,t+1 + π2cj,t+1] + . . .

]
, (3)

for i = 1, 2 and t ≥ 1.
The left-hand side of (3) is the payoff from the optimal deviation, given that the other

player then maintains contributions at a level of cj,t in the future. The right-hand side of
(3) is the payoff from following the equilibrium path.

A.4.1 Binding constraints

We first consider the case in which (3) is binding for i = 1, 2 and any t ≥ 1. Consider two
successive constraints:

π1ci,t−1 + π2cj,t = (1− δ)
[
π1ci,t + π2cj,t + δSi,t+1

]
π1ci,t + π2cj,t+1 = (1− δ)Si,t+1.

We can combine those two equations to get rid of Si,t+1, which gives us the following
system of second-order difference equation:

ci,t+1 − ci,t = a[cj,t − cj,t−1]

cj,t+1 − cj,t = a[ci,t − ci,t−1],

where a = −π1
δπ2

< 1 given our assumption about the discount factor.
Given initial contribution levels ci,0 and cj,0, the solution of this system is given by

ci,t =


1

1−a2 [ci,0(1− at+1) + acj,0(1− a)t−1)], t even
1

1−a2 (1− at)[ci,0 + acj,0], t odd

Taking the limits as t→∞, we find the asymptotic contribution levels to be
ci,∞ = 1

1−a2 [ci,0 + acj,0]

cj,∞ = 1
1−a2 [cj,0 + aci,0].

We can also express initial contribution levels as a function of the limit contribution
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levels: ci,0 = ci,∞ − acj,∞
cj,0 = cj,∞ − aci,∞.

We have an equilibrium if ci,∞ + cj,∞ ≤ 2c∗ and ci,0 ≥ 0, cj,0 ≥ 0.
Substituting contribution levels back into payoffs, we find the equilibrium payoff

Vi = [1− (1− δ)(a+ a2δ)
1− a2δ2 ](π1ci,∞ + π2cj,∞),

so that
V1 + V2 = φ(δ)(π1 + π2)(ci,∞ + cj,∞),

where
φ(δ) = [1− (1− δ)(a+ a2δ)

1− a2δ2 ].

When ci,∞ + cj,∞ = 2c∗, then V1 + V2 = φ(δ)(π1 + π2)2c∗, which is constant. The
payoff-frontier from such strategies is therefore a line with slope −1 and endpoints A and
B defined by the restrictions ci,0 ≥ 0, i = 1, 2.

It can then be showed (see LT) by considering the efficient symmetric path and from
convexity considerations that this frontier is indeed part of the equilibrium payoff frontier.
Note that it is bounded away from the payoff frontier without irreversibility, since φ(δ) <
1.

u1

u2

F∗

B

A

Figure 9: Equilibrium payoff frontier with irreversibility when all incentive constraints
are binding (in green)
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A.4.2 Equilibrium in which one player gets a zero payoff

Consider the point A of Figure 9, which is at the bottom-right corner of the efficient
frontier with binding constraints. In the contribution path that leads to A, in period 0,
Player 1 plays 0 while Player 2 plays c2,0 = c2,∞ − ac1,∞ = 2c∗(1 − a). This latter value
acts as the upper bound for player 2’s “upfront” payments.

Fix an integer k ≥ 1 and a contribution level x ∈ [0, 2c∗(1 − a)], and consider the
following strategy: first, players contribute (0, x) for a fixed number of periods k, and
then they switch to the path that leads to A. That is, P2 makes an upfront payment of x
for k periods, after which players start the path that generates point A. For x = 0, this
is simply a delay in starting the path that leads to point A, and both players will have
positive payoffs. For each k, let x(k) ∈ [0, 2c∗(1 − a)] be the highest contributions such
that the previous strategy gives a non-negative payoff to P2.

It is not difficult to see that all incentive constraints will now be satisfied. First, after
period k − 1, players start playing the path that leads to A, for which we know that
all incentive constraints hold (with equality). Prior to that, P1 does not contribute, so
we only need to consider incentives for P2. In t = 0, P2 gets a non-negative payoff by
following the strategy, and a payoff of zero if he deviates. Therefore there are no incentives
to deviate. For 0 < t ≤ k − 1, P2 does not have a possible deviation, as his contribution
remains constant.

In our parametric setup, we use k = 1 and k = 2, and find x(1) = 2c∗(1−a) = 63 and
x(2) ∼ 32.6, which gives repeated game payoffs of (182, 0.6) and (165.4, 0) respectively.
This allows us to give a lower bound on the set of equilibrium payoffs, which is depicted in
Figure 10. The solid red set is contained in the equilibrium payoff set, and the equilibrium
payoff set is contained in the union of the solid red set and the dotted red set.

A.5 Irreversibility and imperfect monitoring

Guéron (2015) shows that under continuity of the monitoring technology, which is the
case in our setting, the only public equilibrium is to play (0, 0) in every period.13

13Note that because of the irreversibility constraint, players will have to use their private information
after a deviation. Therefore the result applies to strategies that are public on the the equilibrium path.
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u1

u2

o(1− δ)

F∗

Figure 10: Bounds for the equilibrium payoff frontier with irreversibility and perfect
monitoring

B Appendix

B.1 Normalized payoff in first and last 5 supergames

In this part of the appendix, we primarily focus on the learning effects of our main figure.
Figure B.1 is a result using the first and last 5 supergame which shows the scatter plots of
normalized payoff across treatments. The results are consistent with the result of Figure 3.
In (RA,PM) case, most of data are clustered around pareto efficient and equal outcomes,
while (IRA, IPM) shows inefficient and unequal outcomes. Both (RA, IPM) and (IRA,
PM) are in between these two treatments which confirms the results of Figure 3.

B.2 Average contribution in first and last 5 supergames

Figure B.2. shows the result of average group contribution across periods using first and
last 5 supergames. we can also confirm the same results with Figure 4 which shows delay
and hamper effects for each IRA, IPM treatments.

B.3 Robustness check for delay and hamper effect

In this section, we show that delay and hamper effect is robust even if we varies the
threshold period from 2 to 12. Figure B.3 plots regression coefficients of each irreversible
action and imperfect monitoring depending on different threshold. On the left side, it
presents the regression coefficient of irreversible action. If the threshold is less than 5, the
coefficient of greater than threshold period is significant at 5% level. Regardless of any
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Notes. A panel at the top shows the scatter plot of individual discounted payoffs of first 5 supergames
results. A panel at the bottom shows those of last 5 supergame in a corresponding treatment.

FigureB 1: Normalized payoffs using first and last 5 supergames in session

FigureB 2: Average group contribution by period using first and last 5 supergame
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FigureB 3: Regression coefficient plot for different thresholds

threshold, we find the inefficiency from the less than threshold period is greater which
confirms the delay effect.

On the right side, there are regression coefficient of imperfect monitoring. Regardless
of threshold, the inefficiency comes from the later stage of supergame which is different
from irreversible action. We find significant negative coefficient in all threshold which
confirms the hamper effect of imperfect monitoring.

B.4 Robustness check for period 1 contribution

Figure B.4 shows the robustness check for the effect of IPM on period 1 contributions.
First bar represents using first 5 (F5) supergame sample, while second bar represents
using last 5 (L5) supergame sample. The pattern is consistent and robust even though
we use first 5 supergames or last 5 supergames samples in each session.
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FigureB 4: Period 1 contribution in supergame in a session
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