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Abstract

We study similarity in the complete set of one-shot 2 x 2 games with payoffs from {1,2,3,4}
without replacement. Similarity is defined geometrically via a neighborhood structure on
games and continuity of behavior, and is applied to both theoretical rules (e.g., Nash equilib-
rium, level-k reasoning) and experimental data. This produces a partition of the games into
(theoretical or empirical) similarity classes. We run a large-scale experiment in which each
subject plays all 78 games within our class without feedback. We find that empirically inferred
similarity classes diverge sharply from those predicted by Nash equilibrium and dominance
reasoning. Instead, the empirical similarity classes align closely with the theoretical classes of
a level-k variant, with deviations reflecting fairness and efficiency concerns. At the individual
level, subjects’ play can be classified according to primary and secondary rules, conforming
with either level-k variant (0 < k < 5) or a fairness and efficiency-based heuristic. The main

insights extend to strategic settings beyond our 2 x 2 games.
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1 Introduction

Similarity is a fundamental organizing principle of human cognition. People perceive, classify,
and respond to the world not by analyzing every situation anew but by relating new experiences
to familiar ones that appear similar. In perception and categorization, two objects are typically
regarded as similar if they share the same features (Tversky, 1977) or if they are close in space
(Shepard, 1987). These relations guide how humans organize information, form expectations, and
make choices across different environments (Roads and Love, 2024). Game theorists tend to classify
games according to the properties of the games’ equilibria and other logical features of the games.
Despite the centrality of similarity to cognition and individual decision making, the literature has
yet to provide, to the best of our knowledge, a systematic study of similarity across a wide variety

of games based on either bounded rationality or how people actually play gamesﬂ

Addressing this gap requires a notion of similarity that can translate the distinctions game theorists
tend to make into a quantifiable structure of behavior. To formalize this, we adopt Germano’s
(2006) geometric framework, which groups games by their neighborhood structure and by the
theoretical continuity of choices, as prescribed or actually taken across games. We extend this
approach by applying it, for the first time, to behavioral rules and experimental data. Specifically,
for any rule or list of choices defined on a given space of games (e.g. Nash equilibrium actions
over 2 x 2 games), we regard two games as similar if there exists a path of neighboring games
such that the choices made along the path of games remain continuous. When applying this
approach to experimental data, our notion of continuity relies on the differences in the choice
frequencies between neighboring games being sufficiently small relative to a statistical threshold.
The discontinuities of the choices partition the space of games into a finite number of connected
components, which we refer to as similarity classes. These similarity classes naturally provide a

classification of games.

We study similarity between games in the most basic strategic environment: the full set of one-
shot 2 x 2 games (meaning, two players choose between two actions) in which payoffs are drawn
without replacement from the set {1,2,3,4}E| We draw especially on the work by Rapoport,
Guyer, and Gordon (1978), Robinson and Goforth (2005), Shubik (2012), and Bruns (2015)E|
Despite its simplicity, this environment serves as a microcosm of strategic interaction, capturing
fundamental structures underlying many different economic situations. For example, it includes

many of the most famous normal-form games, including the Prisoner’s Dilemma, Battle of the

1For a discussion of similarity in behavioral game theory, see the related literature section further below.

2While Germano (2006) studies spaces of finite games as Euclidean spaces with corresponding notions of conti-
nuity of correspondences (see Aliprantis and Border, 2006), in our case, two games are neighbors if they are closest
in the discrete subspace, meaning that their Euclidean distance is at most v/2. This is equivalent to requiring that
one game can be obtained from the other by swapping the payoffs of one player, when the difference between the
payoffs swapped is exactly 1; see Definition [I| Continuity of rules also simplifies to the constancy of actions or sets
of actions recommended by the rules.

3Rapoport, Guyer, and Gordon (1976) were the first to experiment on and classify 2 X 2 games according to
pure conflict (zero-sum games or games with no pure equilibrium), mixed motives (like the Prisoner’s Dilemma),
and common interest games. Robinson and Goforth (2005), Shubik (2012), and Bruns (2015) analyze the same
2 x 2 games we study, primarily classifying games in terms of traditional game theory concepts, such as preference
ordering, dominance structure, number of Nash equilibria, and number of Pareto efficient outcomes.



Sexes, Stag Hunt, Chicken, and Matching Pennies. By studying this complete domain of games,
we can analyze how small changes in payoffs predict discontinuous shifts in behavior, and relate
these shifts to game-theoretic principles and behavioral rules. At the same time, the simplicity of
this domain also makes the number of playable games small enough to implement an experiment
in which we can consistently measure how subjects behave. As a byproduct of our analysis, we
uncover understudied games such as asymmetric variants of the Prisoner’s Dilemma, Battle of the

Sexes, and Stag Hunt.

One of our contributions is that we offer foundational insights that we hope will be applicable to
more general strategic settings. E| For instance, we find that the aggregate behavior of our subjects
organizes this domain of games into empirical similarity classes which are best matched by the
similarity classes implied by a risk-averse variant of level-k reasoning, level—k(a)ﬁ However, the
differences between the similarity classes from the aggregate behavior and the similarity classes
from level-k(«) are driven by disagreements between level-k(«) and a rule that induces fair and

efficient outcomes that we refer to as near-equal split (NES)H

More concretely, the level-k(a) rule partitions the games into four theoretical similarity classes
based on the steps of reasoning required to reach a Nash equilibrium. These classes align closely
with the first four empirical classes identified in our data (hereafter A1-A4). The first level-
k() class (Al) consists of games in which the level-k(a) prediction converges already to a Nash
equilibrium at & = 1. This includes the double-sided dominance games (DD) where both players
have a dominant strategy, some one-sided dominance games (OD), where only one player has a
dominant strategy, and some coordination games (CO). The second class (A2) consists of games
in which convergence to the unique NE requires two steps for one player (k = 2) and includes
the remaining OD games. The third and fourth classes (A3 and A4) contain CO games in which
the Lk(«) rules lead to off-equilibrium outcomes in coordination and games in which there is no
pure-strategy equilibrium (or Matching Pennies type (MP) games). While these four classes fit
the aggregate data well in most games, they diverge in games in which L1(«) or NE do not align
with NES. Because of such empirical discontinuities, four additional classes (called B1-B4) arise in
the data. These “breakaway” classes identify games where social preferences or efficiency concerns
override simple level-k(«) reasoning for a sufficient number of subjects, most notably in Prisoner’s
Dilemma- (B1), Stag Hunt- (B2), and Battle of the Sexes-type (B3 and B4) environments. This
empirical richness stands in sharp contrast to the coarser similarity classes provided by Nash

Equilibrium, which groups games into only three classes (DD U OD, CO, and MP) and Strict

4Recent work applying machine learning algorithms to games (e.g. Omidshafiei et al., 2020; Biggar and Shames,
2023) demonstrates how the structural analysis of simple games can be generalized far beyond small classes and
how 2 X 2 games constitute important foundational blocks.

5Strategies consistent with level-k reasoning are iterated best responses to uniform random play: concretely,
level-1 is a best response to uniform random play (or level-0), level-2 is a best response to an opponent that plays
level-1, level-3 is a best response to an opponent that plays level-2, and so on (Nagel, 1995). The variant of level-k
which best matches the empirical similarity classes from the experimental data is level-k(«), which is an extension
of level-1(a) from Fudenberg and Liang (2019). In practice, this makes level-k(a) a tie-breaking rule which selects
the action with the lower variance when both actions have the same expected payoff.

6We define an outcome to be fair and efficient in the sense of near-equal split (NES) if, among the Pareto efficient
outcomes, it minimizes the payoff differences between players.



gss | A B gs9 | A B

A 4,4 | 2,3 | 0.82 A 4.4 | 2,2 | 0.87

B 1,1 | 3,2 | 0.18 B 1,1 | 3,3 | 0.13
0.50 | 0.50 0.50 | 0.50

260 A B 270 A B

A 4,4 | 2,1 | 0.85 A 4,4 | 1,2 | 0.52

B 1,2 | 3,3 | 0.15 B 3,1 | 2,3 | 0.48
0.85 | 0.15 0.52 | 0.48

Figure 1: The four coordination games gss, g59, gs0, and grg with empirical relative frequencies in
bold. Underlined payoffs indicate Nash equilibrium outcomes

Dominance, which identifies four (DD, OD, CO, and MP).

One feature of our experimental design is that each subject plays all 78 games in our domain,
including both sides of asymmetric games, with no feedback on other participants’ play. By
having subjects play both roles in each game, each participant makes a total of 144 distinct game
choices. To the best of our knowledge, this represents the largest number of choices per subject in
the behavioral game theory 1iteraturem This design not only allows us to compute the empirical
similarity classes discussed above, but also facilitates a detailed analysis of individual-level behavior,

revealing systematic differences in how subjects perceive and respond to different games.

Consistent with the aggregate results, we find that, at the individual level, the majority of subjects’
behavior is consistent with level-k(«) reasoning. However, subjects tend to deviate from level-
k() reasoning when level-1(«) and Nash equilibrium actions yield outcomes that are neither fair
nor efficient. In these cases, subjects who otherwise follow level-k(«) reasoning instead choose a
near-equal split. This relationship between level-k and fairness also operates in reverse: subjects
who typically favor playing near-equal split throughout the games tend to only deviate from that

strategy to adhere to level-k(«).

While empirical similarity supports prediction transfer to nearby games (continuity or discontinuity
of behavior), theoretical similarity indicates where a model predicts stability. Comparing them
reveals which theoretical distinctions matter empirically. Our findings reveal important structural
distinctions between level-k reasoning, rationalizability, Nash equilibrium, and considerations of
efficiency and fairness. They emphasize how differences in reasoning steps, dominance patterns,
and fairness considerations influence both theoretical and empirical similarity across games. While
the level-k(«) model provides the overall best match for empirical similarity classes, incorporating
efficiency and fairness considerations is necessary to account for certain deviations in behavior.
Empirical similarity embodies two types of effects: the fact that small changes in payoffs may lead
rules to take different actions, but also the fact that small changes in payoffs may lead subjects to

adopt a different rule or heuristic.

Example. To illustrate our approach, consider the four coordination games shown in Figure [f}

7Given the number of choices subjects make, one might expect fatigue or learning effects that could render their
choices inconsistent across the session. However, our experimental design accounts for this, and we find no evidence
of systematic behavioral changes. We discuss this in Section [5] and later in Section Q of the Appendix.



Each game admits two pure Nash equilibria: a Pareto-efficient equilibrium (A4, A) and a Pareto-
inferior equilibrium (B, B). As it turns out, in our neighborhood structure, gss is a neighbor of
gs9 (swapping payoffs 2 and 3 of the column player in gsg), which in turn is a neighbor of ggo
(swapping payoffs 1 and 2 of the column player in gs9), while gsg is not a neighbor of ggp, and
none of gsg, gs9, Or ggo are neighbors of g7o. Despite these structural similarities, the four games

fall into two level-k-based classes and three distinct empirical similarity classes.

To see why, consider first games ggp and gro. Under level-k(«), all players choose to play an
equilibrium for all £ (both players play A in ggo, both players play B in g7¢). Since level-k(«) groups
games in which players converge to NE at k = 1 together (A1), ggo and gro are theoretically similar
according to level-k(a), while ggp and g7g are not empirically similar: while ggo is empirically similar
to most Al games which concentrate play on (A, A), g7o breaks away into the B2 class because the
observed frequencies are roughly balanced between actions for both players. The efficiency motive
appears empirically important yet is not accounted for by level-k. By contrast, gss and gs9 are
both CO games in which level-k(a) leads to off-equilibrium outcomes (A3) in which both players
can play A or B. Empirically though, they turn out to be similar to the A2 games instead of
the A3 because the frequencies are concentrated over (A, A) and (A, B). Note also that, although
gs9 1s a neighbor of both gss and ggg, there is continuity in level-k rule and empirical behavior,
respectively, only between gs9 and gss, not between gsg and ggg. Hence, they are in different
rule based and empirical components. The divergence between theoretical and empirical similarity
classes typically arises when level-k predictions are neither efficient nor equitable. The case of
g7o provides a clear example, as do gss and gsg9. Similar discrepancies also appear in Prisoner’s

Dilemma-type games.

Related literature. The literature in behavioral game theory has been largely motivated by
the observation that human behavior in experiments frequently deviates from the standard Nash
equilibrium predictionﬁlﬂ In many cases, the development of new behavioral rules and models
have been driven by the selection and design of experiments which are specifically constructed to
challenge whatever is the prevailing economic theory of strategic behavior. While this approach
has significantly advanced our understanding of behavior, it raises important questions about
generalizability. Specifically, how well do insights derived from selected experimental games extend

to a broader domain of games? Addressing this question involves several challenges.

One approach is to identify patterns across existing experimental studies via meta-analysis. For

instance, Wright and Leyton-Brown (2019) study behavior from normal-form games in the exper-

8Notable examples include ultimatum games (Gueth et al., 1982), beauty contest games (Nagel, 1995), 2 x 2
games with unique mixed equilibria (Erev and Roth, 1998), 3 x 3 games (Stahl and Wilson, 1994, 1995; Costa-Gomes
et al., 2001), and the diverse experimental sets in Goeree and Holt (2001).

90bserved heterogeneity in human behavior has motivated various solution concepts, including social preferences
(Bolton and Ockenfels, 2000; Fehr and Schmidt, 1999), team reasoning (Sugden, 1993; Bacharach, 2006), level-k
and cognitive-hierarchy models (Nagel, 1995; Stahl and Wilson, 1995; Camerer et al., 2004; Fudenberg and Liang,
2019), and Quantal Response Equilibrium (McKelvey and Palfrey, 1995); see also the survey by Crawford et al.
(2013). Learning models (Roth and Erev, 1995; Camerer and Ho, 1998) are omitted from this discussion due to the
"initial play" nature of our experiment.



imental literaturem This is one of few papers that discuss the interaction between fairness and
level-k, though they interpret playing NES as a feature of level-0 players which then affects how
higher level-k players respond. We distinguish between NES and level-k as different behaviors,
reserving the classification of level-0 only for behavior which is statistically indistinguishable from
being random. The main challenge to meta-analyses is that, by construction, they only study
games which researchers deemed sufficiently interesting to be studied. If most relevant strate-
gic interactions are uninteresting to researchers, meta-analysis can limit our ability to identify

frequently used behavioral rules.

Another approach is to study games with randomly generated payoffs, which ensures a broader
coverage of games, but comes with its own limitations. Some notable examples include Zhu et al.,
(2025) with 2x 2 games, Selten et al. (2002), and Fundeberg and Liang (2019) with 3x 3 games, and
Erev and Roth (1995) with constant-sum 3 x 3 games. The major drawback of randomly generated
games is that they are likely to omit games which are important for identifying behavior but
unlikely to be randomly drawn. For example, games with salient outcomes where both players can
get the exact same payoff (e.g. the Prisoner’s Dilemma, Stag Hunt) are often used by researchers
to identify cooperative behavior, but they are unlikely to be drawn using random generation. |E|
Fudenberg and Liang (2019) show that the modal behavior of their randomly generated games
is best explained by level-1(). It is only by randomly generating games in which level-1(«) is
predicted to perform poorly that they find behavior in which subjects are more likely to induce
efficient outcomes (Pareto Dominant Nash equilibria, or PDNE) instead of playing level-lg One
of our main contributions is that we use a complete domain of games, which allows us to mitigate
the issues of both approaches: our selection of 2 x 2 games does not make omissions based on
what has been studied before and it has a representative game for every possible strict preference
ordering over outcomes, including many games which are highly unlikely to be drawn using random

generation.

Similarity concepts have been studied before primarily in individual decision-making situations.
Rubinstein (1988), Aizpurua et al. (1990), and Gilboa and Schmeidler (1995) theoretically study
the similarity of judgments in individual decision-making. Evers et al. (2022) study similarity
through categorization in mental accounting. A notable exception is Jehiel (2004), who introduces

analogy-based expectation equilibrium for multi-stage games with perfect information.

Almost all experimental studies on similarity in games focus on a small selection of game classes.

For example, Guida and Devetag (2013) study Prisoner’s Dilemma- and Stag-Hunt-type games,

10Giith and Kocher (2014) review over three decades of variations of ultimatum bargaining experiments, high-
lighting fairness motives and design variations. Billinger and Rosenbaum (2023) provide a meta-analysis of design
variables that influence cooperation in public goods games. Mauersberger and Nagel (2018) discuss levels of reason-
ing in generalized Keynesian beauty-contest games.

1 Alon et al. (2025) further document biases and regularities, in particular in connection with dominance solvable
games, when working with randomly drawn games. They show that there is no differences using their concepts
whether games are randomly selected or also contain the omitted games.

12Camilo and Nagel (2026) show that NES is actually a better fit for the behavior in these games than PDNE:
it not only significantly outperforms PDNE in predicting modal play, but it is also statistically comparable in
performance to the bagged decision trees used as a benchmark in the original paper.



and Grimm and Mengel (2012) study acyclic 3 x 3 games with unique equilibria. The latter
paper has similar results to our own, with level-k(a) and focal points determining which games
are deemed similar. Ert et al. (2011) study the entire class of the simplest two-player extensive
form games with binary choices for both players, drawing payoffs from {—8,—7,...,7,8} with all
possible combinations of payoff structures. However, they do not provide a classification of the

games based on aggregate behavior of subjects, or based on Nash equilibrium or level-1 reasoning.

The remainder of the paper is structured as follows. Section 2 introduces the 2 x 2 games that
serve as the focus of our analysis. Section 3 presents the solution concepts and their corresponding
decision rules used in the study. Section 4 provides formal definitions of game similarity (theoretical
and empirical) and explores the similarity classes for some specific decision rules such as Nash
equilibrium and level-k. Section 5 describes the design of our experiment, while Section 6 discusses
the main results. Section 7 discusses extensions and further insights, and Section 8 concludes.

Additional graphs, tables, proofs and formal definitions are provided in the Appendix.

2 Games and perspectives

Throughout the paper, we focus on 2 x 2 games, where each player’s payoffs are drawn from the
set {1,2,3,4} without repetition. Since there are 4! ways to arrange the payoffs for each player,
the total number of possible games is (4!)2 = 576. Let G denote the set of all such games. As
is standard in game theory, two games are considered equivalent if one can be transformed into
the other by relabeling players, relabeling actions, or any combination of these transformations.
Grouping games into equivalence classes based on this criterion reduces the 576 games in G to
78 strategically distinct games, which we denote as G*. Each equivalence class in G* contains
multiple payoff matrices that are equivalent through relabeling: 66 asymmetric games can be
identified with eight equivalent games each, while 12 symmetric games have four equivalent games
each. For simplicity, we refer to these equivalence classes as games in G*. Section[E]in the Appendix
provides a complete list of the representative games in G*, numbered 1,...,78. These numbers

correspond to the node labels used in the graphs throughout the paper.

We define a perspective of a game as the choice problem a player faces within a game, either
as player 1 or player 2. In asymmetric games, there are two perspectives because the players
face different choice problems, whereas in symmetric games, both players face the same choice
problem, resulting in a single perspective. For example, of the four games in the Introduction,
games ¢ss,gs9 and grg are asymmetric as players 1 and 2 face different choice problems, while
game ggo is symmetric as both players face the same choice problem. In symmetric games, it can
be verified that, by rewriting the bimatrix with the column player as the row player, the resulting
payoff matrix is identical to the original. The 78 strategically distinct games in G* therefore give
rise to 144 perspectives: 66 - 2 + 12 = 144. We denote the set of all 144 perspectives as G**.

Formally, G** is a set of equivalence classes of perspectives derived from the games in G, where



each perspective, as viewed from the point of either player 1 or player 2, is equivalent.

3 Behavioral rules

We introduce minimal notation for our 2 x 2 games. Each game is represented by a tuple g =
(I, A, x), where I = {1,2} is the set of players, consisting of player 1 (the row player) and player
2 (the column player); A = Ay x Ag, where A; = {a;1,a,2}, represents player i’s action space for
i € I; and m = (w1, m2), where 7; : A — {1,2, 3,4}, is player i’s payoff functionE We also consider
mixed actions over A;, with A = A; X Ay, where A; = A(A;) denotes the space of mixed actions

available to player 1.

In our analysis, we include a broad set of rules drawn from traditional game theory and over 30
years of behavioral game theory. Some concepts involve multiple actions (e.g., Nash Equilibrium or
Pareto Efficiency) or mixed actions (e.g., Nash Equilibrium or Risk-Dominant Nash Equilibrium).
To simplify the analysis while retaining these recommendations, we focus exclusively on pure
actions. We define a rule for player i as a map R; : G — 24, where 24 is the set of subsets of
A;, including the empty subset. For example, the concept Equal Split may recommend no actions
for some games in G, resulting in an empty subset. When a concept recommends multiple pure
actions, we include all those actions in R;. Similarly, when the recommendation is a mixed action,
we include all pure actions in the support of the mixed action. We denote the rule-profile used by

both players as R = (R1, Rz), and will often refer to it simply as a rule.

The following is a list of the main game theoretical solution concepts and behavioral rules that we

discuss and use to define the corresponding rules R; for each player ¢ € I in any game g € G:

Best-response-based rules:
These are the main concepts from game theory based on strategic reasoning.

e Not Strictly Dominated (NSD): A pure action aN°P € A; is not strictly dominated if
there does not exist another action which strictly dominates it.

e Nash Equilibrium (NE): An action profile a¥¥ € A(A) is a Nash equilibrium if no player

can achieve a greater payoff by unilaterally deviating from a™V¥.

e Risk-Dominant Nash Equilibrium (RDNE): An action profile af®PNE € A(A) is a

RDNE ig an NE and, when it is in pure strategies, it has

risk-dominant Nash equilibrium if a
the greatest deviation loss compared to other Nash equilibria. The deviation loss of a (Nash)

action profile is the product of every player’s payoff loss from deviating from that profile.

e Rationalizability (RAT), Bernheim (1984), Pearce (1984): An action profile a/*4” ¢

A is rationalizable if it survives iterated elimination of strictly dominated actions.

13Strictly speaking, in our class of games with payoffs in {1,2,3,4} without repetitions, the payoff functions m;
are bijections from A to {1,2,3,4}.



e Quantal Response Equilibrium (QRE), McKelvey and Palfrey (1995): A (mixed)
action profile a@fF(N) € A(A) is a quantal response equilibrium for some fixed A > 0 if, for
every a; € A;, aZQRE(A) = exp ()\U(ai,aQZRE(A)))/(Za’.eAi exp ()‘U(a;a anE(A)») where

U(a;, B) is shorthand for the expected utility of player 1 playing the pure strategy a; when
player 2 plays 8 € A(A_;). |E|

Level-k rules and variants:

e Level-0 (L0), Nagel (1995): The mixed action a*® = (1/2,1/2) € A(4;) for player i,
which randomizes uniformly over i’s actions; a player who uses level-0 does not attend to any

feature of the game.

e Level-k (Lk), Nagel (1995): A (mixed) action a’* € A(A4;) is level-k for i if it is a
best-response to the opponent playing a level-(k — 1) actionE

e Level-k(a) (Lk(a)), Fudenberg and Liang (2019): A (mixed) action afk(a) € A(4;) is
level-k(a) for i if, after transforming all payoffs m; into 7; = 7§ for both players j = 1,2,

aiLk(oz)

is a level-k action for i, where 0 < a < 1 Notably, level-5(«) is equivalent to the NE

action when it is unique and the L1(«) action otherwise in the set of games that we study.

Efficiency and/or equity-based rules:

For these rules, a player formulates an individual or collective goal of outcomes without strategic

reasoning.

e Pareto Efficiency (PE), Shubik (2012) E: An action profile af’¥ € A is Pareto efficient
if every action profile that could improve one player’s payoff compared to a”’F makes another
player strictly worse off. The set of Pareto efficient profiles for a game g € G is denoted
PE(g).

e Near-Equal Split (NES): An action profile aV¥% € A is a Near-Equal Split if aV#5 ¢
PE(g) and it minimizes the payoff difference between players among Pareto efficient out-

comes. E

— Self-favoring NES (sNES): An NES where the acting player has a weakly greater
payoff than the opponent.

14Unless stated otherwise, \, a commonly known error, the same for all players, is selected to minimize the test
MSE from 10-fold cross-validation of a sample. This ensures both that QRE is not an overfitting model whilst also
giving it the best chance of being a well-fitting model.

15Tn our 2 x 2 games, we consider k only up to 5 due to cyclicality of the rule. For instance, level-6 is the same
as level-2, level-7 is level-3, and so on. A level-1 player only attends to own payoffs.

16 This transformation ensures that Lk(a) rules yield unique pure actions for all k > 1 in 2 x 2 games. Both players’
payoffs are transformed in the calculation. Any a <1 yields the same action. This rule serves as a tie-breaker for
our games when the payoff sum of both actions is 5 =4 + 1 and 3 + 2, respectively.

17Shubik (2012) sorted the same 2x2 games as ours according to the Pareto frontier.

18 This concept relates to equity principles, social preferences, or team-reasoning, see literature mentioned in the
introduction.



— Other-favoring NES (oINES): An NES where the acting player has a weakly lower
payoff than the opponent.

— Equal Split (ES): An NES with zero payoff difference between players (may be empty

for some games).

e Max-Max (MM): An action a™ € A; is Max-Max for i if it can lead to the outcome

with the highest payoff for i.

e Soc-Max (SM): An action profile ¢ € A maximizes the sum of payoffs, >, mi(a), over

all a € A.

Hybrid rules:

e Pareto-Dominant Nash Equilibrium (PDNE), Fudenberg and Liang (2019): An
action profile a?PNE € A(A) is a Pareto-dominant Nash equilibrium if it is an NE and
Pareto dominates every other NE. In games with a unique NE, the NE is always PDNE. For
coordination games with Pareto-ranked equilibria, the action leading to the Pareto optimal

equilibrium outcome is chosen.

As a first step, we use these game-theoretical and behavioral rules to define theoretical and be-
havioral similarity classes of games, assuming that all subjects use a single rule or a class of rules.
In the results sections, we estimate empirical similarity classes based on aggregate behavior and
compare them to the theoretical similarity classes. Finally, we identify and analyze each subject’s

rules based on their choices across the 144 perspectives.

4 Defining similarity classes of games

In this section, we introduce a notion of similarity that groups games according to the continuity
a rule maintains through the space of games. For that notion of similarity to be coherent, we need
to formalize how G* simplifies G into equivalence classes and define a topology that allows us to

measure the proximity of games to one another in G.

Thus, we first construct a metric space based on the proximity of games that results in one similarity
class, ordering all games according to a minimal distance between two neighboring games (see also
Shepard (1987) for a similarity-based metric space of psychological objects). Each rule or class of
rules mentioned in the previous section provides the feature sets (a la Tversky, 1977), according
to which a subject attends to and chooses an action. Combining the metric space of games with a

particular rule yields a subgrouping that partitions the set of games into similarity classes.
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4.1 Preliminaries

Any given 2 x 2 game g, can be identify by its associated payoff matrix, defined by:

a,e b, f
c,g d,h

I =

)

which can also be written as the tuple (a,b,c,d, e, f,g,h) € {1,2,3,4}® C R®, and where it is under-

stood that a = 71'1(&171,@271), .. .,d = 7r1(a172,a272) and e = 7TQ(CL171,CL2,1), ey h = 7T2(a1,2,a272)E

Moreover, as mentioned before, there are a total of 7 more games represented by their respective

payoff matrix, that are fundamentally the same as the game represented by II, namely:

c,g d,h b,f a,ce e,a g,c d,h ¢,g g,c e, a b h,d h,d f,b
a,e b, f ’ d,h c¢,g 7 f,b h,d 7 b,f a,e 7 h,d f,b 7 e,a g,c g,c e, a

All of these can be obtained from II by either switching rows (i.e., relabeling 1’s actions), switch-
ing columns (relabeling 2’s actions), transposing and switching the off-diagonal entries (relabeling
player 1 as 2 and player 2 as 1), or some combination of these operations. Thus, although they
correspond to different tuples in R®, they all represent the same strategic interaction up to rela-
beling actions and players. Formally, the operations of relabeling actions and players and their
combinations are linear maps 1 : R® — R® that include the identity map on R®, so that the set of
all such symmetry operations ¥, contains exactly eight different linear maps, one being the identity
map and the remaining seven being the ones mapping II to one of the seven transformed payoff
matrices above. Following (39)) and (30), we refer to the maps ¢ as symmetry operations, and
we say any two games associated through such a map are equivalent. In particular, all games
above are equivalent to the game represented by the payoff matrix II. This notion of equivalence
allows us (and others in the literature) to reduce the number of games from 576 (in G) to 78 (in

G*). This reduction can be done by brute force using graph-theoretic methods.

Let T' = (T, E) denote a graph with vertices I and edges E C T' x I'. We define F(A) as the edges
induced by the adjacency matrix A so that (g,9’) € E(A) implies that A(g,g’) # 0. Finally, we
say that I'. is a component of I if it is a connected subgraph of I" that is not part of any larger

connected subgraph of I‘m If one defines the 576 x 576 adjacency matrix Ay so that for g # ¢’

Ag(g,9') =1{Fp € ¥ : g =1g},

and Ay = 0 otherwise, we show in the Appendix (see figure that there are 78 components
of the graph (G, F(Ay)), meaning that there are only 78 games that are unique up to symmetry

operationsE

19There is a slight abuse of notation here and the following paragraph in that g and a are also used as payoff
entries in II. In general, g denotes a game and a denotes an action profile unless otherwise noted.

20A graph (I, E) is connected if for any g, g’ € T', there exists a path from g to g, that is, a sequence (g1, ..., gn)
such that g1 = g,9n = ¢’ and (gx, gk4+1) € E. A graph (I, E’) is a subgraph of (I', E) if Y CT and E' C E

217{.} is short-hand for the indicator function.
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Our notion of two games being neighbors is directly taken from Robinson and Goforth (2006):

Definition 1 (Neighboring games). Let g,g' € G. We say that ¢’ is a neighbor of g (or g’ € N(g))
if ¢ can be obtained from g by swapping two entries in the payoff matriz of g for one of the players
only, and the two entries differ 1. N(g) C G is the set of all neighbors of g, including g itself.

4,4 2,1 4,4 1,1 4,4 1,2
For example, is a neighbor of , but is not a neighbor of .
1,2 3,3 2,2 3,3 2,1 3,3

Notice that N(g) coincides with the set of all games in G with Euclidean distance d < v/2 from g.
The definition above induces a topology on the space G that we refer to as the Robinson-Goforth
topology, which is studied in great detail in (44). It can be represented by a graph, (G, E(An))
where Ay is a 576 x 576 adjacency matrix such that for g # ¢’: a path of neighboring games can
join g and a game equivalent to g’@

4.2 Similarity of games

We can now define our notion of similarity, which follows Germano (2006) and defines two games
9,9 € G as similar according to a rule R if a path of neighboring games can join g and a game
equivalent to ¢’ in GG, where the rule R always prescribes the same action or set of actions for
all games along the path. This ensures that ¢ and a game equivalent to ¢’ belong to the same

connected component of games in G. Formally:

Definition 2 (Similarity of games). Let R be a rule. We say that g is similar to ¢’ according to R
(written as g ~gr ¢') if and only if there exists a path (g1,92,...,gn) such that g = g1, g’ = VYgn,
for some symmetry operation i € VU, and, for any two consecutive games ¢,, gu+1, along the path,

Ju+1 € N(gu) and R(Qv) = R(gu+1); forv=1,...,n-1

If we are given a finite set of rules R, then we say g ~» g’ if the same conditions hold as with one

rule, but where the condition R(g,) = R(gy+1) now holds for all R € R.

It can be checked that, for any rule R, the similarity relation ~pg uniquely partitions the set of
games G into a finite number of components, which we refer to as the similarity classes in G
relative to R. By definition of the symmetry operations, if we consider the smaller set G* instead
of G, then ~p also uniquely partitions G* into the same number of components as in G. Hence, the
similarity classes of GG are in a one-to-one relation with the similarity classes of G*. It is important
to emphasize that two equivalent games need not be neighbors and that, in general, two equivalent
games need not be connected by a path of neighboring games along which a given rule is constant.
Nonetheless, the fact that there is a symmetry operation linking the two games ensures that they

belong to the same similarity class.

22Robinson and Goforth (@4) not only show that the graph (G, E(AN)) cannot be embedded in a plane (unlike
the Periodic Table of Elements, which has a Euler characteristic of 2), but that it requires a 37-holed surface to
represent all the links without crossing (as it has Euler characteristic —72). The complexity of this space arises from
the interaction of the symmetry operations and neighboring games on a space of games with payoffs 1, 2, 3, and 4,
which includes symmetric games, all of which together make up the topology of the graph.
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4.3 Computation of similarity classes of games

Computing the similarity classes for the rules in Section [3|is feasible by combining adjacency ma-
trices through matrix operations, as we show in the following theorem. Let Ag(g,¢’) = 1{R(g) =
R(¢')} and denote the Hadamard (or element-by-element) product of two matrices A and B by
A® B with (A® B)(g,9') = A(g,9')B(g, ¢’). Finally, we say that rule R is relabeling invariant if
R(g) = R(g') implies that for any ¢ € ¥, R(¢yg) = R(1b¢q’). [

Theorem 1 (Computation of Similarity Classes). Let R be relabeling invariant. Then, g ~gr g’ if
and only if g and g’ belong to the same component of (G, E(Ag + (1 — Ag) ©® Ax © ARg)). Thus,
the similarity classes according to R over G correspond precisely to the components of (G, E(Ag +

(1-Ag)® ANy © Ag)).

The proof is in the Appendix. The theorem makes operational the idea that similar games are
connected either by the symmetry operations (thus being in the same component defined by Ay)
or through the neighborhood topology by a constant rule recommendation given R (thus being in
the same component defined by ((1—Ay)®© Ay ® Ag). The theorem states that these components

characterize the similarity classes for the given rule R.

4.4 Examples of theoretical similarity classes

We now present the similarity classes for some key rules. To simplify the figures, we visualize only
the similarity classes over the 78 games in G*. We refer to the table in Section [E]of the Appendix

for a list of all the games in G*.

The first is a very basic and well-known partition (see also Rapoport, Guyer, and Gordon, 1976;
Bruns, 2015; Biggar and Shames, 2023) that serves as a basis of analysis throughout the paper.
The coloring for the four types of games obtained here from the four similarity classes is used for

all the figures of similarity classes that follow.

Strict dominance similarity classes. If R : G — 24 is the rule choosing actions that are Not
Strictly Dominated (NSD), then it partitions the games in G (and hence G*) into four similarity

classes as follows (see Figure [2)):

e Double-sided dominance games (DD): Games with a unique pure Nash equilibrium,

where both players have a strictly dominated action (dark blue nodes, 21 games).

e One-sided dominance games (OD): Games with a unique pure Nash equilibrium, where

only one player has a strictly dominated action (light blue nodes, 36 games).

e Coordination-type games (CO): Games with two pure NE; neither player has a strictly

dominated action (green nodes; 12 games).

e Matching pennies-type games (MP): Games with a unique mixed NE and no pure NE;

neither player has a strictly dominated action (yellow nodes; 9 games).

231t is easy to show that all the decision rules in Section [3|satisfy this property.
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Figure 2: Graph of the similarity classes in G* implied by the NSD rule. Each node is a game in
G*, and a link is drawn between a pair of games if: (i) for some representation of the pair of games
in G, both games are neighbors, and (ii) both games belong to the same similarity class.

We refer to these four classes as the strict dominance similarity classes@ The reason CO games
(green nodes) and MP games (yellow nodes) are separate, despite no actions being dominated in
both classes, is due to the topology of neighboring games. Since there is no path from a CO game
to an MP game that does not also pass through either DD or OD games (dark and light blue
nodes) (see Figures and in the Appendix), the NSD rule has a discontinuity which makes

CO games and MP games belong to different similarity classes. |

The next similarity classes correspond to the Nash Equilibrium rule.

Nash Equilibrium similarity classes. If R : G — 24 is a Nash Equilibrium rule (NE), then it

partitions the games in G (and hence G*) into three similarity classes as follows (see Figure [3):

e Games with a unique pure NE (DD U OD): These games are all dominance solvable

and thus contain all DD and OD games (dark blue and light blue nodes; 57 games);

e Games with two pure NE (CO): These are all the coordination type games (green nodes;
12 games);

e Games with zero pure NE (MP): These are all the matching pennies type games (yellow

nodes; 9 games).

The same similarity classes arise if one considers the rule based on Rationalizability (RAT). Again,
the games in CO and the ones in MP are separated, although all actions are always rationalizable

or in support of a Nash equilibrium. The reason is the same as with the NSD rule, since it is

24Biggar and Shames (2023) obtain the same classification based on the notion of response graphs without using
the neighborhood structure.
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Figure 3: Graph of the similarity classes in G* implied by Nash equilibrium. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.

necessary to pass through games in DD or OD to go from a game in CO to a game in MP (see

Figures and in the Appendix). [ ]

Next, we discuss the similarity classes for the level-k(«) rule that play a key role in our experimental

results.

Level-k(«) similarity classes. If we use rules based on level-k(«a) (Lk(a), kK = 1,...,5), we
obtain different similarity classes from Nash. Taking all Lk(«) rules for k =1,...,5, as a set R of

rules, leads to four similarity classes being distinguished (see Figure , namely:

e One-outcome games (DD U OD1 U CO1) with (L1(«),L1(a))) = NE: These are
games where all the Lk(«) actions of both players span only one outcomeﬂ In particular,
the Lk(a) actions reach a pure Nash equilibrium in just one step (L1(«) with all higher levels
choosing that same action). These games include all the DD games as well as some OD and
some CO games, henceforth referred to as OD1 and CO1 respectively (component of dark

blue, light blue, and green nodes in Figure |4} 45 games)@

e Two-outcomes games (OD2) with (L1(«), L2(«)) = NE: These are games where Lk(«)
actions span two outcomes: player 1 always chooses the dominant action for any k and player
2’s action converges to the unique Nash equilibrium at k& = 2. These games consist only of

OD games which we refer to as OD2 (component of light blue nodes in Figure 4} 18 games).

25We say the Lk(a) actions of both players span ¢ outcomes, if the number of distinct profiles contained in the

product of the set of Lk(«) actions for both players is £. Formally, #{afl(a) , alLQ(a), L {aQLl(Q), aQLQ(a), =2
26The Table of Games in G* at the end of the Appendix lists the Lk(a) type of game — whether DD, OD1, CO1
etc. — for each of the 78 games in G*.
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Figure 4: Graph of the similarity classes in G* implied by level-k(«) rules, k = 1,...,5. Each node
is a game in G*, and a link is drawn between a pair of games if: (i) for some representation of the
pair of games in G, both games are neighbors, and (ii) both games belong to the same similarity
class.

e Four-outcome games with two pure NE (CO2) where Lk(a) ¢ NE Vk: These are
games where Lk(a) actions span all four outcomes and the Nash equilibrium is never reached
by Lk(a) at any step k. These games consist only of CO games which we refer to as CO2

(component of light green nodes in Figure [} 6 games).

e Four-outcome games with zero pure NE (MP): These are games where Lk(a) cycles
over all action profiles, spanning four outcomes. This coincides exactly with the MP games

(component of yellow nodes in Figure [} 9 games).

How these similarity classes are connected on the graph of G is shown in the Appendix (Figure El
and . The separation of classes is based on the number of outcomes a game yields when players
play at different levels k. This naturally separates the One-, Two-, and Four-outcome games.
However, there are two separate Four-outcome classes consisting of the coordination-type games
(CO2) on the one hand and matching pennies-type games (MP) on the other. These two classes
cannot be connected by a neighborhood-preserving map on G. Any path between a game in CO2
and a game in MP must pass through either the OD or DD component of games with 1 or 2

outcomes. |

The similarity classes obtained for the four rules discussed above form the basis for characterizing
the empirical similarity classes obtained in Section [5] These systems are quite different from each
other. However, they also share some common features. They agree on separating the MP games
from the rest, confirmed by the empirical features. All DD games belong to one class. Coordination

games and OD games, respectively, can form a separate class or (partially) join the DD class. In
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the Appendix, we discuss other similarity classes, such as those obtained from Risk-Dominant Nash

Equilibrium or from rules based on Pareto efficiency (PE) or Near Equal Split (NES).

4.5 Empirical similarity of games

To conclude this section, we extend the notion of similarity to study the empirical behavior of
subjects and the implied empirical similarity classes of games. For this, define an empirical rule
with tolerance 8, Rs : G — 22, as a map assigning confidence intervals around the frequency of
play in game g for both players (1 and 2). These intervals can be derived from bootstrapping or
the binomial test. Unlike the original definition, which required exact equality in play behavior,
we introduce a tolerance parameter, 6 > 0, to account for statistical variability. Formally, the test
evaluates whether the difference in behavior between games lies within the interval [—4, 4] at a

fixed confidence level (e.g., 99%).

This approach aligns with a statistical equivalence testing framework also known as the Two One-
Sided Tests (TOST) procedure (Schuirmann, 1987). Intuitively, TOST checks whether the average
difference in play behavior between two games is small enough to be considered equivalent, rather
than requiring the difference to be strictly zero. This relaxation ensures the method is robust to
sampling variability. Nonetheless, when § = 0, it is easy to see that TOST is equivalent to the

standard two-sided paired differences test.

Definition 3 (Empirical similarity of games). Let Rs : G — 22 be an empirical rule with tolerance
§ > 0. We say that g is empirically similar with tolerance & to ¢' according to Ry (written as

9~ g') if and only if there exists a path (g1,g2,...,9n) such that:
e g=gi1, g =gn, for some symmetry operation ¢ € V;

e For any two consecutive games g, g,+1 along the path, g,+1 € N(g,), and the bootstrapped

confidence interval for the average difference satisfies:

S|

1

E Z(Asgu - Asgu+1) € [_5a 5]a
s=1

forv=1,...,n—1, where Asy is an indicator function for whether subject s plays the top

row action (labeled as A) in game v and |S| is the sample size.

From the above definition, we obtain empirical similarity classes with tolerance, which parti-
tion the space G (or equivalently G*) into a finite number of components. These partitions depend

on the empirically observed behavior of subjects and the tolerance parameter §.

The use of ¢ allows for a flexible classification, enabling the comparison of behaviors across games
while accounting for statistical uncertainty. In the results section, we compare the theoretical
similarity classes from game-theoretic solution concepts with the empirical ones derived from ex-

perimental data.
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Game 1 of 144

You are player 1. You choose option A or option B. Your payoffs are
the red numbers. Player 2 chooses option C or option D.

Player 2
Option C Option D
Player1 O Option A 1,4 3,2

C Option B 2.3 4.1

Figure 5: A screenshot of the interface for a decision problem in Stage 1 of the experiment.

5 Experimental design

We recruited 450 subjects from Prolific, with ethical approval from CIREP-UPF. To control for
regional variations, the sample was restricted to participants based in the United Kingdom. The
majority of subjects were women (295 out of 450; 65.56%) and men made up the remainder (153
out of 450; 34.00%). Participants were predominantly aged 25-44, with 30.67% (138 out of 450)
in the 25-34 age group and 30.44% (137 out of 450) in the 35-44 age group. Regarding education,
24.44% (110 out of 450) had completed some college education, and 28.89% (130 out of 450) held

a four-year degree.

The experiment was programmed in oTree (Chen, Schonger, and Wickens, 2016), and each subject
participated in a standalone version. The experiment consisted of three stages: (1) a 2 x 2 game-

playing stage, (2) a risk-elicitation task, and (3) an exit questionnaire describing decision processes.

5.1 Stage 1: Decisions for 144 Perspectives

Each game was constructed using only four distinct payoffs—1, 2, 3, and 4—for each player,
without replacement, as described in the preceding sections@ Each subject always played in the
position of the row player, choosing between the top and bottom rows (labeled as option A and
option B in the interface) for all 144 perspectives. This required subjects to play both roles (row
and column players) across all 78 games (66 asymmetric and 12 symmetric). A screenshot of the

decision interface is provided in Figure [f]

This design enabled us to reduce the number of required subjects while simplifying the selection
and ordering of games for each participant. In a pretest, we evaluated whether playing all games
(144 perspectives) rather than a smaller subset (44 perspectives) induced behavioral changes due
to boredom. No significant differences in behavior were observed between the two conditions (see
Section [C] of the Appendix for details on the comparison between the 44-game and all-games

experiments).

2"Martin Shubik (2012) did a pilot with a similar design at the Stony Brook Game Theory festival. He proposed
the experiment to Shyam Sunder, who told Nagel about it more than 10 years later.
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No feedback was provided between rounds to prevent learning from other subjects. To mitigate
fatigue, subjects were given a 30-second break after completing their 48th and 96th games. These
breaks were not announced in advance; subjects only became aware of them upon encountering
the first break after the 48th game. Additionally, since no time limit was imposed, subjects were

free to take further breaks as needed.

A sequence of 144 Perspectives

Many games are theoretically similar, as discussed in the previous section. To avoid random clus-
tering of theoretically similar games, which might lead subjects to expect future games to resemble
previous ones, we introduced structure into the ordering of games rather than generating sequences
purely at random. For example, if subjects encountered game g; and g consecutively, both fea-
turing the outcome (4,4) (see Section [Efof the Appendix), they might develop an expectation that
future games would also lead to outcomes where both players receive the maximum payoff. This

could bias their behavior, for example, toward favoring the near-equal-split profile.

To address this, we assigned a numerical code to each perspective in G** based on its payoff matrix
Il = (a,b,c,d,e, f,g,h). The code was defined as “abcdefgh” such that each letter corresponds to
a payoff value in the matrix. For instance, the Prisoner’s Dilemma with 1T = (4,2,3,1,1,2,3,4) is
assigned the code “42311234” (see perspective 57 in Section . We then ordered these numerical
codes in increasing order and grouped them into 16 quantile bins, each containing 9 perspectives

(16 x 9 = 144 perspectives).

To test for game order effects, we generated 15 different sequences of the 144 perspectives using

the following procedure:

1. Randomly generate an order of the 16 quantile bins (e.g., 1, 5, 9, 14, 4, 16, 10, 12, 6, 8, 11,
2,3,7,15,13).

2. Randomly select one perspective from each quantile bin without replacement, following the
order generated in Step 1 (e.g., the first perspective comes from bin 1, the second from bin

5, the third from bin 9, and so on), and append it to the sequence.
3. Repeat Steps 1 and 2 until the sequence includes all 144 perspectives. |§|

This method minimizes the likelihood of random bunching, as each block of 16 randomly chosen
perspectives includes one perspective from each bin. In each sequence, label randomization is
performed as follows: for each perspective, we relabel either player 1’s actions or player 2’s actions
using symmetry operations. Importantly, we do not re-label the players’ positions, as this would

alter the perspective.

Finally, one of the 15 treatment sequences was randomly assigned to each of the 450 subjects,

with 30 subjects per sequence. While previous experiments (e.g., Fudenberg and Liang, 2019)

283ubjects play the perspectives from G** rather than all games in G because behavior is assumed to be invariant
to relabeling. However, this assumption is not taken for granted; we control for this by randomizing the labels of
games and balancing their assignment.
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randomized sequences within subjects, we adopted this design to test whether the order within a

sequence has a statistically significant effect.

5.2 Stage 2: Risk-elicitation

In stage 2 of the experiment, we elicited subjects’ risk preferences using the risk-taking item from
the Global Preferences Survey (Falk et al., 2018). Subjects first completed the original item as
designed for their country in the Global Preferences Survey. Following this, they completed a
modified version of the same item, where the payoffs were rescaled to match the payoff scale of
the games played in stage 1. The positive affine transformation adjusted the maximum lottery
value in the task to correspond to the monetary value of receiving 4 points in the games, while the
minimum value was adjusted to correspond to the monetary value of receiving 1 point. All values

were presented in the currency of the subject’s country to ensure consistency and comprehension.

5.3 Stage 3: Exit questionnaire

In the exit questionnaire, we asked participants to describe, in their own words, how they made
decisions in the games. We also asked participants questions on a Likert scale about their per-
ception of their strategy across stage 1 and collected information on their demographics (e.g. age,

education, and gender identity).

5.4 Payment

The average completion time for the entire experiment was approximately 20 minutes, with subjects
taking an average of 16.3 minutes (median: 10.8 minutes) to complete the 144 game decisions in

stage 1. On a per-game basis, the average decision time was 6.8 seconds (median: 4.5 seconds).

Subjects were compensated with a show-up fee of 1.70 GBP upon completing the experiment,
along with a performance-based payment of 2.00 GBP per point, calculated as the average number
of points earned across three randomly selected games. This payment structure allowed subjects
to earn between 2.00 GBP and 8.00 GBP, with an average total payment of 7.02 GBP (1.70 GBP
+ 2.00 GBP per point x 2.67 average points).

6 Results

In this section, we document the results of our experiment. In Section and we argue that
the theoretical similarity classes from Nash equilibrium and strict dominance fail to predict the
discontinuities found by empirical similarity. We show that the empirical similarity classes we
compute resemble the similarity classes implied by level-k(«). In particular, the level-k(«) classes
are represented by four empirical similarity classes (A1-A4). We show that near-equal split helps
explain the deviations from level-k(«/) that we see in the remaining four empirical similarity classes

(B1-B4). In Section and we show that aggregate and individual behavior is best explained
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Figure 6: Graph of the empirical similarity classes in G* from aggregate behavior of all subjects,
for & = 5% at a 99.9% confidence level. Each node is a game in G*, and a link is drawn between a
pair of games if: (i) for some representation of the pair of games in G, both games are neighbors,
and (ii) both games belong to the same empirical similarity class. A1-A4 are the four level-k(«)
related components, and B1-B4 are the four breakaway components.

by level-k(a) and near-equal split, and how heterogeneity both within and between subjects affect

the empirical similarity classes.

6.1 Empirical similarity classes: a detailed description

As described in Section estimating the empirical rule Rs (and thus, the resulting empirical
similarity classes) requires selecting a threshold parameter 4. For the remainder of the paper, we
set the threshold parameter § to 5%. In the Appendix, we compute it for other threshold values,
including 0%, 1%, and 2%. Figure [6] and [7] show the result, which we break down as follows:

A. Empirical similarity classes A1-A4: Level-k(«) related components

A1: This empirical similarity class consists of 36 games (20 DD, 15 OD1, and 1 CO1) from the
one-outcome class implied by the Lk(«) similarity classes. With the exception of ¢17, 937, g4s,
and gs3, level-k(a) converges to the unique Nash equilibrium at & = 1 and this equilibrium is
also a near-equal split. In the remaining four games, the Nash equilibrium is Pareto efficient.
The relative frequencies of subjects playing level-1(«) in this class of games is 67% or higher

(top-right of Figure 7).
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Representative game: g3 = 44 3,2
2,3 1,1
A2: This empirical similarity class consists of 22 games (18 OD2, 3 CO2, and 1 MP), most of
which are in the two-outcomes (OD2) class implied by the Lk(c) similarity classes. The
relative frequencies of subjects are concentrated on level-1(«) for one player but split more
equally across both actions for the other (center- and bottom-right of Figure[7)). The empirical
similarity of the CO2 (gss, g59,g74) and MP (gg5) games to the OD2 games in this class can
be explained by (i) the fact that gss, gs0 and ges all have at least one perspective with a
unique level-1 (without «) action, which concentrates play on a single action for at least one
player; and (ii) the fact that g74 (Chicken) has an empirically salient near-equal split that is
prescribed by level-1(«) that allows it to be empirically similar to the neighboring g47 in the
OD2 class.

Representative game: g7 = 43 34

2,2 1,1

A3: This empirical similarity class consists of only 2 games (all OD2) from the four-outcomes class

implied by the Lk(a) similarity classes, g7o and g77. Both games have level-1(«) prescribe an
action profile which is neither an equilibrium nor near-equal split. At the same time, these
games have two salient near-equal split outcomes which gives an alternative explanation as
to why the relative frequencies resemble the level-k(«) prediction for CO2 games (center of
Figure @

4,3 1,1

2,2 3,4

Representative game: g;7 =

A4: This empirical similarity class consists of all the MP games except for gg5. Unlike gg5, which
has a unique level-1 action, these MP games all require level-1(«) to break at least one player’s
tie for selecting both actions. The relative frequencies of these games are concentrated around

the action profile prescribed by level-1(a) (bottom-left of Figure [7)).

4,1 2,3
1,4 3,2

Representative game: gg7 =

While the level-k(«) similarity classes do not predict all the empirical components correctly, they
do identify important regularities that are not predicted by other behavioral rules. For instance,
level-k(«) correctly predicts that the OD1 and OD2 games are not similar; the same is true for
the CO1 and CO2 games. By contrast, Nash and strict dominance would make no distinction
between OD1 and OD2 games, or between CO1 and CO2. That being said, level-k(«), Nash, and
strict dominance all correctly predict that MP games should be separated from other games. The

remaining empirical similarity classes break away from the ones predicted by level-k(«) as follows:
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B. Empirical similarity classes B1-B4: Breakaway components

B1:

B2:

B3:

B4:

This empirical similarity class consists of 4 games (1 DD, 3 OD1) from the one-outcome
class, most notably the Prisoner’s Dilemma (PD) and other games in which the unique Nash
equilibrium is not a near-equal split. The relative frequencies we find are comparable to other
experimental studies of one-shot PDs, with about 30% of subjects colluding. These games
break away from Al because of the relative frequency increase in playing off-equilibrium

actions (which induce near-equal split outcomes) from Al to B1 (top-right of Figure E[)

4,1 2,2
3,3 1,4

Representative game: g57 =

This empirical similarity class consists of 3 games from the one-outcome CO1 class that share
similar properties to Stag Hunt. In these games, one of the equilibria is prescribed by all k£ of
level-k(«) whereas the other equilibrium is near-equal split. The relative frequencies of this
class are the closest to 50% of all the empirical similarity classes. These games break away
from A1 because of the relative frequency decrease in playing level-1(«) actions from Al to

B2 (center of Figure [7)).

4,4 1,3
3,1 2,2

Representative game: gg9 =

This empirical similarity class consists of 2 games from the one-outcome CO1 class that
share similar properties to Battle of the Sexes. In these games, level-k(«) converges to
an equilibrium at &k = 1 that is near-equal-split but favors one player over another; at the
same time, the other equilibrium is a near-equal split favored toward the opposite player. The
relative frequencies of this class are weighed slightly toward playing the level-1(«) equilibrium.
These games break away from A1l because of the relative frequency decrease in playing level-

1(@) from Al to B3 (center of Figure [7).

4,2 2,1
1,3 3,4

Representative game: ggs =

This empirical similarity class consists of one game from the four-outcomes CO2 class that
shares similar properties to Battle of the Sexes. In these games, each equilibrium is a near-
equal split but level-1(«) prescribes selecting the equilibrium which is self-favoring; if both
players play level-1(«), the action profile fails to coordinate on either equilibria. The relative
frequencies of this class concentrate on the off-equilibrium level-1(«) prediction. These games
break away from A3 because of the relative frequency increase in playing level-1(«) from A3

to B4 (top-left of Figure .

4,3 2,2
1,1 3.4

Representative game: gg2 =
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6.2 Comparison of empirical and key theoretical similarity classes

For the purposes of exposition, we describe the first four empirical similarity classes (A1-A4) as
being related to level-k(a) due to the visual resemblance between Figure [4f and the A1-A4 classes
in Figure @ To properly quantify the extent to which level-k(«) predicts the empirical similarity
classes, we use the adjusted Rand Index (ARI) from Hubert and Arabie (1984). The ARI is a widely
used metric in computer science and network analysis for evaluating classification from clustering
algorithms. In short, the ARI is a measure of similarity between two partitions, adjusting for the
possibility of matching by chance. For every rule in our analysis, we calculate the ARI between the
similarity classes of a particular rule and the empirical similarity classes@ The resulting indices

are reported in Table

Table 1: Adjusted Rand Index of Theoretical Similarity Classes vs. Empirical Similarity Classes

Decision ARI of Rule’s Classes 99% CI 99% CI Figure
Rule vs. Empirical Classes Lower Bound Upper Bound
Data 1.00 1.00 1.00
Lk(a) 0.68 0.49 0.87

Lk 0.55 0.43 0.75
L1 0.37 0.23 0.61
NE! 0.36 0.20 0.55
RDNE 0.33 0.19 0.51
NSD 0.32 0.18 0.55
L4 0.32 0.18 0.51
PDNE 0.30 0.15 0.48
L22 0.22 0.07 0.41
L2(a)? 0.08 0.00 0.20
NES 0.03 -0.08 0.16

Soc-Max 0.02 -0.08 0.20
QRE 0.00 0.03 0.10
Ll(a)* 0.00 0.00 0.00

ES -0.01 -0.07 0.10
PE -0.02 -0.04 0.10

I RAT produces the same classes. 2 L3 and L5 produce the same classes. 3 L3(«), L4(r), and L5(cx) produce the
same classes. 4 oNES, sNES, and Max-Max produce the same classes.

The ARI between the empirical similarity classes and the level-k(«) similarity classes is the highest
among all behavioral rules, significantly outperforming the rest at the 1% level with the exception
of level-k. The fit is more visually apparent when we compare how the games are distributed

among different similarity classes empirically versus theoretically (Figure .

For example, consider the following simple classification fit statistic: for a rule R, let Sp =
(Zc #Sc) /78 where S, is the largest set of empirically similar games contained within a the-
oretical similarity class c¢. This statistic can be visually calculated in Figure [§] by adding the
maximal overlaps between the number of games in each empirical similarity class and the number
of games within a theoretical similarity class. Sg for NE and NSD is 59% and 63% respectively,
on account of correctly predicting the discontinuity in the MP games as well as the partial overlap

between DD and OD games. However, both rules fail to correctly separate the OD games into

29We omit Hubert and Arabie’s formula for the sake of brevity.
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OD1 and OD2 (or the CO games into CO1 and CO2). By contrast, level-k(a) correctly makes

these distinctions and has an S of 82%.

That being said, the failure for level-k(a) to predict the breakaway classes (B1-B4) is, we argue,
related to its tension with near-equal split. In each of the breakaway classes, the separation
corresponds with either a substitution of level-k(«) play with near-equal split (e.g. Al to B1, Al
to B3), the opposite (A2 to B2), or both simultaneously (A2 to B4). This is despite the fact that
near-equal split is a poor predictor of the empirical similarity classes (ARI 0.03, 99% CI: -0.08,
0.16), significantly worse than both NE (ARI 0.36, 99% CI: 0.20, 0.55) and NSD (ARI 0.32, 99%
CI: 0.18, 0.55). This raises important questions not only about the relationship between the two
behavioral rules but also about the potential complementarity in how our subjects use them. We
explore this further in the next section, in which we characterize the behavior we observe in our

data, both at the aggregate and the individual level.

6.3 Other measures of aggregate behavior

The empirical similarity classes show how discontinuities in choice data from our experiment group
the games into distinct classes. To connect these findings to the broader experimental literature,

we complement our approach with standard methods for studying aggregate behavior.

One approach is to estimate what is the best performing rule relative to some measure of accu-
racy/error. Fudenberg and Liang (2019) (FL) use modal play as their measure of accuracy: for a
rule R, they define the accuracy of rule R as the number of perspectives in which R out-of-sample
predicts the most frequently played actionm If we use modal play in our data, we find that level-
1(«) achieves the highest accuracy, correctly predicting 94.44% (136/144) of the most frequently
played actions. The difference between level-1()’s accuracy and that of other rules in our analysis
is statistically significant at the 1% level, with the exception of level-5(«) which is second-best (see
Figure E[) Many experimental studies have found level-1 as a best predictor, though typically with
much less support for higher level-k compared to our data (e.g. FL themselves find the same result
in 3 x 3 games, Selten et al. (2003) with randomly chosen 3 x 3 games with the strategy method,
and Ert et al. (2011) in simple extensive form games). When level-1(«) fails to predict modal play,
both sNES and PDNE achieve perfect accuracy (see Table , which is also consistent with FL’s
result that when level-1(a) predicts poorly in randomly generated 3 x 3 games, the best predictor
is PDNE@ Nonetheless, although level-1(«) accurately predicts modal play more than 90% of the
time, its similarity classes are a poor fit (ARI 0.00, 99% CI: 0.00, 0.00) with the empirical similarity

classes.

One of the reasons for the discrepancy between what predicts modal play (level-1(«)) and what

predicts the empirical similarity classes (level-k(«)) is the fact that the latter relies on estimating

30Because none of our rules (except for QRE) involve estimating parameters that fit the data, simply calculating
in-sample the number of perspectives in which each rule predicts the most frequently played action should allow us
to infer which rule best predicts our data. For a discussion on in-sample vs. out-of-sample fit, see Mullainathan and
Spiess (2017).

31Camilo and Nagel (2026) show that NES actually outperforms PDNE in this set of games.
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Figure 9: Accuracy of decision rules in predicting the most frequently played action.

the frequency distribution whereas the former relies only on the coarser statistic of which action
has more weight. With this in mind, we repeat the same exercise but using a mean-squared error
(MSE) measure instead of modal play accuracy: for a rule R, we average the squared difference
between R and the observed frequency distribution across all perspectives@ Using MSE, we find
that the lowest MSE rule is level-1 (see Figure [I0). Unlike level-1(c), level-1’s similarity classes
have some fit with the empirical similarity classes (ARI 0.37, 99% CI: 0.23, 0.61). Among the
rules that predict only one action per perspective, level-1 has the highest ARI though its difference
in ARI to that of most other rules is not statistically significant. However, level-1’s ARI is still
lower than the ARI of level-k(a) and even the ARI of level-k. The fact that level-k significantly
outperforms level-1 as well as all other rules that predict only a single action per perspective might
suggest that either subjects vary in the rules that they adopt or that subjects might be using
a combination of rules simultaneously. Evaluating either hypothesis requires characterizing the

behavior of our subjects at the individual level.

6.4 Individual behavior and behavioral rules

To analyze the behavior of each of our 450 subjects across the 144 choices they make in every
perspective, we aim to classify each subject according to the behavioral rule that best fits them.
To infer whether subjects use a combination of rules, we examine what rules subjects use when
they deviate from that which best fits them. Finally, we also analyze whether our subjects play in

a way which is significantly different from uniform random play (level-0) so as to limit the chances

32Figure in the Appendix reports both MSE and accuracy simultaneously, providing a detailed comparison
of rule performance across perspectives. This figure highlights the trade-offs between modal play accuracy and
distributional fit for the various rules.
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Figure 10: MSE of decision rules in predicting the frequency distribution of perspectives.
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Table 2: Accuracy of decision rules in predicting the most frequently played action.

Decision Games correctly  99% CI % of 99% CI % of games
Rule predicted lower bound 144 upper bound if Ll(a) incorrect
Ll(«) 136 0.89 0.94 0.99 0.00
L5(a) 128 0.81 0.89 0.95 0.62
L2(a) 112 0.69 0.78 0.86 0.75
L4(a) 112 0.71 0.78 0.85 0.75

L5 112 0.71 0.78 0.85 0.75
L2 110 0.69 0.76 0.83 0.75
L3(«) 110 0.70 0.76 0.83 0.62
L3 106 0.65 0.74 0.83 0.75
L4 106 0.64 0.74 0.80 0.75
oNES 104 0.63 0.72 0.81 1.00
sNES 104 0.62 0.72 0.81 1.00
RDNE 103 0.62 0.72 0.81 0.75
QRE 103 0.62 0.72 0.81 0.50
PDNE 101 0.59 0.70 0.80 1.00
NES 96 0.55 0.67 0.76 1.00
L1 96 0.56 0.67 0.74 0.00
NE 95 0.55 0.66 0.76 0.62
RAT 95 0.56 0.66 0.74 0.62
Soc-Max 86 0.49 0.60 0.69 1.00
PE 49 0.24 0.34 0.46 0.88
ES 47 0.21 0.33 0.40 0.88

of false classifications B3|

The distribution of subjects’ best-fitting decision rules is summarized in Figure Level-1(a)
emerges as the most common best-fitting rule among individual subjects, followed by the two
near-equal split rules and level-5(«). Notably, PDNE does not appear as the best-fitting rule for
any subject. Subjects whose behavior is best fit by level-1(«a) exhibit a high degree of consistency
in following this rule. However, when they deviate, their choices tend to align with near-equal
split, as illustrated in Figure Interestingly, this pattern of deviations works in reverse as well,
indicating that the presence of level-1(«) and near-equal split among the subject distribution is
not merely reflective of two distinct “types” of players but rather a spectrum where subjects appear

to combine these two rules to varying degrees@

For most subjects best fit by level-1(«) (or near-equal split), more than 90% of their choices can
be explained by combining these two rules. Moreover, combining level-k(«) rules with near-equal
split significantly improves predictive accuracy for individual behavior, a result that is statistically
robust and not easily matched by other rule combinations (see Figure in the Appendix for a
complete version of Figure .

The complementarity between level-k(«) and near-equal split provides the framework for under-

33We classify a subject as level-0 if we fail to reject the hypothesis that the best-fitting rule has an accuracy
greater than 50% at a 95% confidence level. The confidence level is reduced due to the lower number of observations
per subject.

34Figurein the Appendix shows that essentially the only other rule that plays a role as a best-fitting secondary
rule at the individual subject level, beyond the mentioned level-k(«) and NES rules, and for a very small number
of subjects (< 5%), are the Soc-Max and Nash equilibrium rules.
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Figure 13: Empirical similarity classes in G* based on aggregate behavior of subjects primarily
identified as level-k(a) types, for k =2,...,5, and for (4,p) = (5%, 99.9%).

standing why the empirical similarity classes further refine the similarity classes implied by level-
k(). For instance, the fact that the breakaway classes separate from A1-A4 due to changes in
the overlap between near-equal split and level-k(«) can now be explained by not only the 15% of
subjects best fit by near-equal split rules, but also the other subjects who frequently deviate from

their best fitting rule to play near-equal split.

6.5 Individual behavior and similarity classes: A first application

In Section [6.4] we showed that there is heterogeneity between subjects and also that individual
subjects combine different rules. By applying empirical similarity to groups of players that share
a best fitting rule, we are able to provide insight as to whether the discontinuities found on the

aggregate are a result of subjects combining rules as opposed to subject heterogeneity.

More concretely, if it were the case that the discontinuities on the aggregate were purely driven
by subject heterogeneity, we would find that the empirical similarity classes for players best fit
by a rule R should largely resemble the similarity classes predicted by R. On the other hand, if
the empirical similarity classes for players best fit by R resemble the empirical similarity classes
from the full sample and, moreover, this is also the case for subjects fit by other rules, this would

suggest that the discontinuities are driven by subjects combining rules.

We compute the empirical similarity classes for different subgroups of subjects. The empirical

similarity classes for subjects best fit by level-1(«) are identical to the similarity classes predicted
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by level-1(«), which consist of all games belonging to the same similarity class (see Figure
in the Appendix). This means that within this group of subjects, we do not detect statistically
significant deviations that produce the discontinuities we found in the breakaway classes. By
contrast, the empirical similarity classes for subjects best fit by level-k(«) for k > 1 are essentially
the same as the empirical similarity classes with all the subjects, except for one extra link between
the Al and A4 games. These subjects follow level-k(a) on a large subset of games but deviate
from those rules precisely on the breakaway games (B1-B4). This similarly applies if we consider
all level-k(«) players, wherein the empirical similarity classes are comparable to those found on

aggregate, but with more deviations than those found among k > 1 classified subjects (Figure .

7 Discussion

Our notion of similarity presents a framework for grouping games based on the continuity of
behavior, which we apply to a comprehensive domain of 2 x 2 games. We studied how different
models from game theory and behavioral economics predict different similarity classes, and we
showed how those models’ similarity classes compare to that estimated from our own experimental
data. By having subjects play all of the games within our domain as opposed to playing either
games selected from the literature or randomly generated games, we were able to identify individual
differences between subjects from which to document the diversity and structure in how people
generally play games. That being said, we foresee several applications, extensions, and refinements

that can also be explored using our framework.

7.1 Insights from similarity classes

Generalizability of canonical games. By definition, our notion of similarity requires similar
games to have continuity in behavior. This directly allows us to quantify the extent to which behav-
ior generalizes and remains predictable across games within our domain. For example, consider the
“canonical games” which are widely used both in experiments and in the classroom: the Prisoner’s
Dilemma (gs7), Stag Hunt (ge9), Battle of the Sexes (g¢2), and Matching Pennies (gg7). Each of
these games belong to small empirical similarity classes of their own: gs7 is in B1 (4/78 = 5.1%),
geo in B2 (3/78 ~ 3.8%), ge2 in B4 (1/78 ~ 1.3%), and ge7 in A4 (8/78 ~ 10.3%) [| If we assume
that our domain of 2 x 2 games is representative of the strategic interactions people actually en-
counter in the real world, the fact that these empirical similarity classes are small suggest that the
behavior in the canonical games are not broadly representative of how people play games. This
limits the flexibility of games we can use to induce behavior that is similar to what we find in
the canonical games. At the same time, this also means that the larger similarity classes warrant
special attention, as they showcase a wide variety of 2 X 2 games that exhibit the desirable property

that play concentrates reliably on either one or two action profiles.

35There are other games comparable to Battle of the Sexes and Matching Pennies, as we described earlier in
Section Considering the alternative representations does not change the broader point that these games belong
to small empirical similarity classes.
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Comparing solution concepts. Similarity classes also provide a framework for assessing the
generalizability of solution concepts. By analyzing how well different behavioral rules predict
choices within each class, we can evaluate the relative strengths and weaknesses of different be-
havioral rules. Preliminary findings in the Appendix indicate that level-1 and level-1(«) perform
consistently well across most similarity classes, likely due to their alignment with the structure
of this domain (see Figures to . Future work could involve analyzing rule performance
within and across similarity classes more systematically. For instance, comparing the predictive
power of near-equal-split and level-1 rules in classes that clearly separate them may yield deeper

insights into how these rules complement each other.

Mechanism design. Brandenburger and Nalebuff (1995) argue that strategic success often
comes from changing the game rather than merely playing it. We expect that one of the main
applications of our empirical similarity classes will be as a practical tool for mechanism design. For
example, using our experimental data and the neighborhood structure alone, a mechanism designer
can find small targeted changes to induce a particular outcome 7. In principle, the designer can (i)
find a game in our dataset that best represents the strategic interaction of interest, say go with out-
come g, and then (ii) select the game § which most closely induces 7. The neighborhood structure
directly provides the designer with the minimal sequence of payoff changes necessary by finding
the shortest path from gy to g. Similarity provides the added benefit of informing the designer
which games on the path are likely to lead to behavioral changes which may be undesirable. We

provide a demonstration of how this example can be implemented in Section ?? of the Appendix.

One of the advantages of this approach is that it implements outcomes directly based on the
observed behavior, as opposed to relying primarily on changing either the equilibria or the strictly

dominant action.

7.2 Robustness checks

Payoff structures. Our analysis only studies games with payoffs drawn from {1,2,3,4} without
replacement, which our subjects treat as cardinal payoffs. The robustness of our results to different
payofl structures is an important but open question. Zhu et al. (2025) (Z25) study a slightly
different set of 2 x 2 games: in their setting, payoffs are drawn from [0,50] but with the same
preference orderings represented as in Robinson and Goforth (2005) (RG5), excluding the MP
games with the caveats mentioned in the introduction. Since our games are the same as RG5’s,

this allows us to compare Z25’s data to our own to partially address this question.

We use all the games from Z25’s dataset that have (i) the same preference orderings as gss, gs9, 960
and g7o, and (ii) the same level-k (and level-k(a),v < 1 predictions as we do for those games.
These are the four coordination games we discussed in the Introduction. Our prediction is that
games with the structure of ggg should have relative frequencies in the one-outcome quadrant

[0.75,1] x [0.75,1] (like A1), games with the structure of gsg and gs9 should be in the two-outcome
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Figure 14: Frequencies of play (renormalized for visibility) in games taken from Zhu et al. (2025)
with payoffs in [0, 50| and payoff structures corresponding to the ones of games gss, gs9, gso and
g7o respectively.

quadrant [0.75,1] x [0.25,0.75] (like A2) and games with the structure of g7o should be in the
four-outcome quadrant [0.25,0.75] x [0.25,0.75] (like B2) (see Figure [7). We find that of the 40
games from 725 that we study, 38 of them fit our prediction: 19/20 for the Al-like games, 15/16
for A2, and 3/3 for the B2 (see Figure [L4).

Expanding the behavioral rule set While our analysis includes a broad set of behavioral
rules, there are omissions that warrant further study. For instance, while our analysis suggests
that the standard QRE model from McKelvey and Palfrey (1995) does not explain the empirical
similarity classes well (see Figure , there are other variants of QRE that could. Incorporating
extensions of QRE may better explain behavior in certain games, especially those with mixed-
strategy equilibria. At the same itme, incorporating hybrid rules that combine multiple models
may account for the observed within- and between-subject variation. Developing these extensions
opens the door to designing new experiments to test these models and refining our methodology

to accomodate more complex rule combinations.

Sample size and fatigue. Subjects in our study played 144 perspectives, raising concerns about
fatigue or noise. Results reported in the Appendix show that the distribution of behavior remains
stable across the three blocks of games (1-48, 49-95, 96-144), suggesting minimal order effects
(see Figures to . Further analyses, such as regression models testing the influence of

sequence assignment on choices and rule fit, would help formalize these robustness checks.
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7.3 Applicability to broader game domains

Beyond 2 x 2 games. The methods we develop in this paper can, in theory, be applied to other
game domains, including 3 x 3 games. In practice, however, there are computational challenges
that arise as the number of games within a domain increases. For instance, while the 2 x 2 domain
contains 576 games, the 3 x 3 domain includes (9!)? ~ 102 games. Algorithmic advances would
be required to efficiently compute neighborhood structures and similarity classes in these larger

domains in the same way that we do in this paper.

This limitation can nonetheless be partially overcome by considering a parametric family of games.
For instance, consider the set of two-player linear best response games with the following payoff

function:

T = ¢i + Biai + 0;a7 + viaay,

where B; = (c;, 34, 0:,7:) € R* is the parameter vector for player i = 1,2 and a; € [0, 1] is player i’s
action. This parametric family includes many games of interest, including the generalized Beauty
Contest and models of Cournot (Mauersberger and Nagel, 2018). By restricting the parameters to a
small finite subset of [—1, 1], we can define a topology based on the distance between the parameter
values across different games to study how our framework applies to this domain. Provided that
the topology and the set of games are well-defined, our notion of similarity, including its ability to

produce similarity classes, can be readily adapted to different domains.

8 Conclusion

This paper makes several novel contributions to the study of strategic interaction. First, it examines
human behavior across a comprehensive domain of one-shot 2 x 2 games, with each participant
deciding on every game in the set. This makes it one of the largest experiments of its kind on
one-shot games. Second, it employs a geometric approach to group games into theoretical and
empirical similarity classes. These classes capture both the predictions of behavioral and game-

theoretic solution concepts and the observed behavior of participants.

Third, we systematically integrate two pivotal behavioral rules— level-k(«) and near-equal-split —
which are typically studied in isolation. The complete domain of 2 x 2 games allows us to observe
the interaction of these distinct behavioral rules in sufficiently rich environments to distinguish

between strategic reasoning, fairness-based motives, or a combination of both.

We find that empirical similarity classes derived from aggregate data align closely with theoretical
classes based on level-k(«) rules. Yet, near-equal split plays an important complementary role, par-
ticularly when NES outcomes diverge from level-k(«) or Nash outcomes. The capacity of level-k(«)
rules to explain individual behavior is demonstrated across a broader range of games than previ-

ously documented, supporting their applicability across diverse strategic contexts. Given the large
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number of games observed per subject, we identify behavior that adheres to multiple behavioral

rules, moving beyond the “single-rule plus noise” paradigm prevalent in existing literature.

Our analysis also clarifies the predictive roles of different solution concepts. The shortcomings of
Nash equilibrium and strict dominance compared to level-k(«) are apparent, particularly in the
classification of dominance-solvable games. Whereas strict dominance separates one-sided from
two-sided dominance games, Nash equilibrium fails to distinguish them. The empirical similarity
classes suggest that a more salient distinction lies between games solvable in one or two steps of
level-k(«) reasoning (DD and OD1) versus OD2 games. Matching pennies games, by contrast, are

correctly classified by all concepts into one separate empirical similarity class.

As noted in the experimental literature, coordination games remain among the most challenging
to predict. Level-k(«) distinguishes two classes of coordination games based on whether the NE
is reached in one step or more. Yet, efficiency and fairness considerations appear to play a role in

coordination that is not captured by strict dominance, Nash, or level-k(«) rules.

Much like a geographical atlas provides different thematic maps—topographical, political, or
climatic—of the same territory, our behavioral atlas offers multiple structural perspectives on
the same set of games. By layering behavioral rules (level-k, NES), game-theoretic benchmarks
(Nash Equilibrium, strict dominance, Pareto optimality), and empirical data, we create a multi-
dimensional map of strategic interaction. Comparing these layers allows us to identify the specific
strengths and weaknesses of each framework and, crucially, to pinpoint which subjects drive ob-

served empirical regularities.

When we deconstruct the aggregate similarity classes by primary behavioral rule, a striking pattern
emerges. The L1(«) subjects—the largest group in our sample—produce a similarity structure
consisting of only a single, undifferentiated class. By contrast, we find that the Li~1(a) subjects
are primarily responsible for the breakaway games observed in the aggregate data. Their specific
similarity structure maps most closely to the overall empirical results, demonstrating that while
L1 types may be more numerous, the sophisticated Li~1 types are the architects of the empirical

diversity we observe across game classes.

This “behavioral atlas” provides a starting point for researchers and practitioners interested in pre-
dicting, comparing, or modeling human decisions. By systematically mapping empirical regulari-
ties, this study offers both a benchmark for future theoretical work and a foundation for extending
behavioral models to broader domains. It also facilitates game design applications. Following
Brandenburger and Nalebuff’s (1995) insight that strategic success often stems from changing the
game rather than merely playing it, our atlas enables the identification of “neighboring games” to
hard-to-predict canonical ones. Small adjustments to payoffs, incentives, or institutions could shift
such games into classes with more desirable properties, offering a systematic way to design “better”

games through informed local search in payoff space.

Looking ahead, future research should test the centrality of Level-k(a) and NES rules in richer
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contexts, investigate the stability of empirical similarity classes beyond 2 x 2 games, and explore
the multiplicity of rules adopted by individual subjects. Identifying “special games” within classes
may also clarify why certain structures or actions become focal. Together, these directions promise
to refine our models of strategic reasoning and improve predictions of human decision-making.
For such a program, AI and machine learning will be indispensable, but an anchoring in the

fundamental knowledge of human behavior remains essential.
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Appendix

A Proofs

Proof of Theorem [1} Suppose g ~g ¢’. Then there exists a path from ¢ to ¢’ in (G, E(Ax ®
AR)) such that the rule is constant for some 1) € ¥. At the same time, note that ¢’ is in the
same component of (G, E(Ay)) as ¢’. Since E(Ay ® Ar),E(Ay) C E(Ap +(1— Ag) © AN © AR),
this admits a path from g to ¢’ in (G, E(Ag + (1 — Ay) © Ay ©® Ar)) (namely, using first the path
through E(Ay ® Ag) from g to ¢’ and then going from ¥g’ to ¢’ through E(Ay)). Thus, g and
¢’ are in the same component of (G, E(Ay + (1 — Ay) © Ay © ARg).

Suppose now that g and ¢’ are in the same component of (G, E(Ay + (1 — Ay) ® Ay ® Ag)). This
implies the existence of a path (g¢) such that g; = g and g, = ¢’ through (G, E(Ag + (1 — Ag) ®

AN © AR)). Without loss of generality, we can rewrite (g;) as

(gt) = (91,1, s 91,015,921 - 592,005 - - -5 k1 - - - ,gk,ek),

where k is the number of times (g;) passes through non-equivalent games and g; ; = 1g; , for any
j # h for some ¢ € ¥. This rewriting splits the sequence into distinct subsequences of games that
are equivalent through some symmetry operation. Let 1); be such that g; o, = 1;9;,1. Consider now

the following sequence:

(o) = ((ﬁwk_s)l(ﬁwk—S)gt’l> = (( ﬁ wsz)lgm) = ('(/;tgt,l)lea

t=1 s'=1

~ -1
where we define 9, = (Hi/_:ll 1/15/) .

We now prove that (g;) is a path from g to ¢g’ for some ¢ € ¥ such that for any consecutive
games along the path, we have both g; € N(g/,,) and R(g;) = R(g/, ), so that g/ ~r g/, and

so, by construction, also g ~g ¢'.

To see g7 = g, notice that g} = g1,1 = g1 = g. To see that g; = g’ for some ¢) € ¥, notice that

1

k—1 1 k _1 k 1 k _
g;; = ( H ws’) g1 = ( H ws’> ¢kgk,1 = ( H ¢s/) 9k.0, = ( H ws'> gn = wg/7
s'=1

s'=1 s'=1 s'=1

for v = (T ve)

Finally, to show that both g; € N(g;, ;) and R(g;) = R(g;,,) hold, notice that if g; € N(gy ;).
then g/ € N(ygf,,) for any ¥ € ¥, and that by relabeling invariance, if R(g;) = R(g{y,),
then R(vg;) = R(g},,) for any ¢ € ¥. Therefore, comparing these two conditions between g;
and gy, is the same as comparing them between g; and vg;,, for any ¢» € ¥. And since, by

construction, g; = i gt,1, it is also the same as comparing the conditions between ¢ g; 1 and g¢41.1.
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Now, because Y11 = Gr.0,, (Gt,0,,9t+1,1) € (g¢), and gy ¢, is not equivalent by symmetry operations
to gi+1.1 (by construction), it follows that g, e, € N(gi41,1) and R(gre,) = R(gi+1,1) because (g¢)
is a path in (G, E(Ay + (1 — Ay) ® Ay © ARg)). Therefore, gf € N(g;,,) and R(gf) = R(g{;1)-

Since we've shown that (g;) is a path from g to ¥ ¢’, for some ¥ € ¥, such that, for any consecutive
games g; and g7, ,, along the path, g/ € N(g/,,) and R(g;) = R(g/,,) both hold, this proves that

g~rg. U
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B Additional figures

B.1 Additional graphs on the geometry of games

Equivalence of games. Figure shows how the 576 payoff matrices in G reduce to the 78
games in G* using the information from the set of symmetry operations ¥ on G and how they

relate the games to one another using graph theoretic methods.

Visualizing the Robinson-Goforth topology. Figure shows how the 576 payoff matrices
relate to one another geometrically, representing the discrete analogue for the games in G to seeing

the payoff matrices in R® using the Euclidean norm.

Simplifying the set of games. Figure illustrates two important insights: first, how the
78 games relate to one another using the information from the Robinson-Goforth topology, and
second, how the geometry of games combined with solution concepts can generate distinct classes
of games (i.e., similarity classes). For many solution concepts, it will be clear that the MP games
will be separated from the CO games because there’s no way to connect them to one another
without passing through the arguably simpler DD and OD games (see Figure for emphasis),
generating discontinuities for many correspondences (e.g., Nash equilibrium, rationalizability, and

level-k, to name a few).
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Figure Al: The graph on GG, where edges represent equivalence between two games. Each of the
78 components consists of 4 or 8 equivalent games in GG, depending on whether the component is
one of symmetric or asymmetric games. Formally, this graph is denoted as (G, E(Ay)).

B.2 Additional theoretical similarity classes

Level-1(«) (and other) similarity classes. Figure is identical to seeing all the games in
G* in the Robinson-Goforth topology because it doesn’t distinguish any similarity classes. This is

the same for oNES, sNES, and Max-Max.

Level-k(«) similarity classes. Figure shows the similarity classes for the set of Level-k(«)
rules as shown in Figure [ but colored to distinguish OD1 from OD2 and CO1 from CO2. The

separations made by the geometry of games is further emphasized in Figure [A7]

Near-Equal Split similarity classes. When considered on their own, both rules based on

self-favoring or other-favoring Near-Equal Split (sNES, oNES), since they always select a unique
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Figure A2: The graph on G, where edges represent whether two games are neighbors in the
Robinson-Goforth topology. Formally, this graph is denoted as (G, E(An)).

outcome, always yield a unique similarity class, comprising all games in G (and similarly for G*).
However, combining the two rules yields nine similarity classes; see Figure The same nine

classes are obtained if one takes the Near-Equal Split (NES) rule alone.

What are the distinctions between the different classes? The largest class (dark blue nodes, 65
nodes) contains all games with a unique NES, which is selected by both Near-Equal-Split players.
In all other games, there are two NES cells which either are in the same row, column or (off)-
diagonal. The second-largest similarity class (lighter blue nodes, 4 nodes) consists of OD and DD
games with the NES rule, spanning Two-outcomes (with 4-3 or 3-4 payoffs) in the same row. The
next-largest class (olive-green nodes, 3 nodes) has spans Two-outcomes with the 4-3 and 3-4 cells
on the main diagonal, and thus two actions for both players. The remaining games have two 2-3

and 3-2 or 4-2 and 2-4 outcomes in different constellations. [ |

Risk dominant Nash equilibrium and Pareto dominant Nash equilibrium similarity
classes. Figure[AT4]and Figure[AT5|show the similarity classes for Risk dominant Nash equilibrium

and Pareto dominant Nash equilibrium, respectively.

Quantal response equilibrium similarity classes. Figure QRE()) rule similarity classes
for A = 0.5036.

Pareto efficiency similarity classes. Figure [AT7] shows the similarity classes for the Pareto

efficiency rule.

Equal split and Soc-Max similarity classes. Figure shows the similarity classes for the

equal split rule; Figure [AT9] shows the similarity classes for the Soc-Max rule.

Equal split similarity classes. Finally, Figure shows the similarity classes for the equal

split rule;
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representing the similarity classes according to Nash equilibrium and edges showing how they
connect. Here, we also include edges between games across the three game classes. For ease of
reading, they are not depicted in similar graphs.
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Figure A4: Graph of the Robinson-Goforth topology in G*, with nodes representing the similarity
classes according to Nash equilibrium and edges how they connect.
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Figure A5: Graph of the Robinson-Goforth topology in G* colored by similarity classes implied by
Level-k(a) rules, k =1,...,5.

47



L 24

@
@ s i
@ = S odkl o
4 OO 7 »
79 =
G ol |
=t o (= = j * o
& o * o
o P f o8
@ [
@7 o Ost @eo (0] ™ !
e
O [ T 7
@0
&
[C-mu— "} ; & — - o 05 g
CT I O g o
— fr] — .\1
el s = o o
T e
c= & L &
@ L & L
L
®

coee
Q
3

Figure A6: Graph of the similarity classes in G* implied by the Level-1(«) rule. It does not
separate any games. Each node is a game in G* and a link is drawn between a pair of games if: (i)
for some representation of the pair of games in G, both games are neighbors and (ii) both games
belong to the same similarity class.
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classes according to Level-k(«) rules, k =1,...,5, and edges how they connect.
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Figure A8: Graph of the similarity classes in G* implied by the Level-k rule. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A9: Graph of the similarity classes in G* implied by the Level-1 rule. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A10: Graph of the similarity classes in G* implied by the Level-2 rule. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A11: Graph of the similarity classes in G* implied by the Level-4 rule. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A12: Graph of the similarity classes in G* implied by the Level-5(«) rule. Each node is a
game in G* and a link is drawn between a pair of games if: (i) for some representation of the pair
of games in GG, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A13: Graph of the similarity classes in G* implied by self-favoring and other-favoring Near-
Equal Split. Each node is a game in G* and a link is drawn between a pair of games if: (i) for some
representation of the pair of games in G, both games are neighbors and (ii) both games belong to
the same similarity class.
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Figure A14: Graph of the similarity classes in G* implied by Risk-Dominant Nash equilibrium.
Each node is a game in G* and a link is drawn between a pair of games if: (i) for some representation
of the pair of games in G, both games are neighbors and (ii) both games belong to the same
similarity class.
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Figure A15: Graph of the similarity classes in G* implied by Pareto-Dominant Nash equilibrium.
Each node is a game in G* and a link is drawn between a pair of games if: (i) for some representation
of the pair of games in G, both games are neighbors and (ii) both games belong to the same
similarity class.
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Figure A16: Graph of the similarity classes in G* implied by the QRE(\) rule with A = 0.5036.
The value of A is selected by 10-fold cross-validation to prevent overfitting. Each node is a game
in G* and a link is drawn between a pair of games if: (i) for some representation of the pair of
games in G, both games are neighbors and (ii) both games belong to the same similarity class.
In this case, two games are considered to have the same rule output if the difference in the QRE

prediction is less than 5%.
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Figure A17: Graph of the similarity classes in G* implied by Pareto Efficiency. Each node is a
game in G* and a link is drawn between a pair of games if: (i) for some representation of the pair
of games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A18: Graph of the similarity classes in G* implied Equal Split. Each node is a game in G*
and a link is drawn between a pair of games if: (i) for some representation of the pair of games in
G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A19: Graph of the similarity classes in G* implied by the Soc-Max rule. Each node is a
game in G* and a link is drawn between a pair of games if: (i) for some representation of the pair
of games in G, both games are neighbors and (ii) both games belong to the same similarity class.
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Figure A20: Graph of the empirical similarity classes in G* from aggregate behavior of all subjects,
for 6 = 0% at a 99.9% confidence level. Each node is a game in G* and a link is drawn between a
pair of games if: (i) for some representation of the pair of games in G, both games are neighbors
and (ii) both games belong to the same similarity class.

B.3 Additional empirical similarity classes: All subjects

Empirical similarity classes for all subjects for 6 = 0,1, and 2%. Figures and
A22] shows the similarity classes for all subjects for confidence levels of, respectively, § = 0% at a
99.9%, 6§ = 1% at a 99.9% and § = 2% at a 99.9%.
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Figure A21: Graph of the empirical similarity classes in G* from aggregate behavior of all subjects,
for 6 = 1% at a 99.9% confidence level. Each node is a game in G* and a link is drawn between a
pair of games if: (i) for some representation of the pair of games in G, both games are neighbors
and (ii) both games belong to the same similarity class.
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Figure A22: Graph of the empirical similarity classes in G* from aggregate behavior of all subjects,
for & = 2% at a 99.9% confidence level. Each node is a game in G* and a link is drawn between a
pair of games if: (i) for some representation of the pair of games in G, both games are neighbors
and (ii) both games belong to the same similarity class.
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Figure A23: Graph of the empirical similarity classes in G* from aggregate behavior of just those
subjects that were identified as being level-1(a) types, for (A, p) = (5%, 99.9%).

B.4 Additional empirical similarity classes: Subgroups

Empirical similarity classes for L-1(«) subjects. Figure shows the similarity classes for
the subgroup of subjects classified as L1-(«) types.

Empirical similarity classes for L-k(«) subjects, k = 2,...,5. Figure shows the similarity

classes for the subgroup of subjects classified as L1-(«) types.

Empirical similarity classes for near-equal split subjects. Figure [A25| shows the similarity

classes for the subgroup of subjects classified as rNES or ¢NES types.

B.5 Additional figures on individual behavior
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Figure A24: Graph of the empirical similarity classes in G* from aggregate behavior of just
those subjects that were identified as being level-k(a) types, for k = 2,...,5, and for (A,p) =
(5%, 99.9%).
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Figure A25: Graph of the empirical similarity classes in G* from aggregate behavior of just those
subjects that were identified as being ¢cNES or rNES types, for (A, p) = (5%, 99.9%).
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Figure A26: The quantile function of the accuracy of each subject’s best-fitting rule (area in color)
plus the added accuracy of other rules in games where the best-fitting rule predicts incorrectly.
The rows correspond to the groups of subjects according to their best-fitting rule. The columns
correspond to the rule used to predict games where the best-fitting rule predicts incorrectly. This
figure reports sSNES and oNES as rNES and cNES respectively.

Primary/Sec. cNES Level-1 Level{ Alpha Level-2 Level-2Alpha Level-3Alpha Level-4 Alpha Nash Equiibrium Near-Equal Spiit PDNE rNES Soc-Max

cNES 0 0 25 0 4 11 o 1 (1] o 1 [1]
Level-1 Alpha 41 0 0 2 20 13 18 5 21 1 75 17
Level-2 1 0 0 0 0 0 0 0 o o o 0
Level-2 Alpha 7 1 7 0 o 4] 0 0 0 o 4 0
Level-3 mﬂﬂ 7 0 2 0 1] 4] (1] 0 0 V] 2 1
Level-4 Alpha 4 0 16 0 1] o 0 0 0 1] 7 0
Level-5 Alpha 34 0 3 0 1] 1 0 (4] 1 o 24 2
Level 0 14 0 . 4 0 o 4 & 0 0 0 2 0
PNES 0 o 2 0 0 3 2 0 o o o 0

Figure A27: Transition matrix of rule switch: Numbers of subjects for each best-fitting primary
rule (rows) by best-fitting secondary rule (columns),
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Model fit of rules for all games
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Figure A28: Model fit for behavior rules across all 144 perspectives. The x-axis corresponds to
accuracy in modal play whereas the y-axis corresponds to MSE. The rectangles correspond to 99%
confidence intervals of each statistic.
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Figure A29: Model fit for behavior rules across the perspectives in the One-outcome empirical
similarity class. The x-axis corresponds to accuracy in modal play whereas the y-axis corresponds
to MSE. The rectangles correspond to 99% confidence intervals of each statistic.
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Figure A30: Model fit for behavior rules across the perspectives in the two outcome empirical
similarity class. The x-axis corresponds to accuracy in modal play whereas the y-axis corresponds
to MSE. The rectangles correspond to 99% confidence intervals of each statistic.
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Figure A31: Model fit for behavior rules across the perspectives in the matching pennies empirical
similarity class. The x-axis corresponds to accuracy in modal play whereas the y-axis corresponds
to MSE. The rectangles correspond to 99% confidence intervals of each statistic.
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Figure A32: Model fit for behavior rules across the perspectives in the Prisoner’s Dilemma empirical
similarity class. The x-axis corresponds to accuracy in modal play whereas the y-axis corresponds
to MSE. The rectangles correspond to 99% confidence intervals of each statistic.

C Comparison of the 44-Games Experiment and the All-
Games Experiment

Prior to the experimental design described in the main paper, we implemented a preliminary
design featuring sequences of 44 games. These sequences were generated quasi-randomly to address
several objectives simultaneously. First, to ensure sufficient power for detecting differences in
games predicted to have noisy outcomes (where subjects were equally likely to choose A or B),
we oversampled CO and MP games relative to DD and OD games. Second, to span all edges in
the Robinson-Goforth topology and ensure enough power to compare behavior across neighboring
games, we assigned pairs of neighboring games randomly to each sequence until all pairs had
sufficient coverage. Finally, we filled the remaining slots in each sequence with underrepresented
game classes to guarantee representation for every game. For example, if a sequence contained
primarily DD games after assigning neighboring pairs, CO and MP games were added to balance

the game types encountered by each subject.

After constructing the sequences, we treated them similarly to the sequences in the final design:
the order of games was randomized, and the labels for games were also randomized. Notably,
the sequences in this preliminary design were much shorter, with each subject playing only 44
games. A total of 30 sequences were created, each consisting of 44 games, and we recruited 960
subjects from Prolific, assigning 32 subjects per sequence. Subjects received a show-up fee of 1
GBP and were compensated at a rate of 0.40 GBP per average number of points earned across

three randomly selected games@

36This compensation structure technically provided higher stakes per hour compared to the final design.
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Distribution of best-fitting decision rules for individual subjects, block 1
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Figure A33: The distribution of best-fitting rules for our 450 subjects, using only the first 48
perspectives that subjects played.
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Figure A34: The distribution of best-fitting rules for our 450 subjects, using only the 49th to 95th
perspectives that subjects played.
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Figure A35: The distribution of best-fitting rules for our 450 subjects, using only the last 48
perspectives that subjects played.
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Respense time decreases with average best response play

e of subjects

15
Average log responze tme by perspective

Figure A36: The relationship between log response time by perspective and the percentage of
subjects playing the best response to the frequency distribution for each game.

The average completion time for this experiment was significantly shorter, at around 8 minutes.
The qualitative results obtained from this preliminary design align closely with those from the final
all-games experiment. To test this, we calculated the 90% confidence intervals for the proportion
of subjects choosing A for each perspective in both experiments. The results are summarized in
Figure [A37 Across the 144 perspectives, the intervals from the 44-games experiment include the
point estimates of the all-games experiment in 70% (101 out of 144) of perspectives. Although this
is lower than the theoretical expectation of 90%, we observed no significant skew in the direction

of the bias.
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Figure A37: Difference in A-Play between the 44 games pilot and the data from the final design.
Error bars correspond to 90% confidence interval.
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Figure A38: Summary of sequence effects in the all games experiment.
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grs | A B gse | A B ge1 | A B

A | 4,1 1,3 | 0.24 A 4,2 | 3,3 | 0.89 A 4,3 | 2,4 | 0.82

B 3,4 | 2,2 | 0.76 B 1,1 | 2,4 | o.11 B 1,2 | 3,1 | 0.18
0.39 | 0.61 0.11 | 0.89 0.71 | 0.29

Figure A39: g75, gss, and gg1 with empirical relative frequencies in bold. Underlined payoffs
indicate Nash equilibrium outcomes. The expected outcome of each game is (2.3,2.6), (3,3), (3,3.1).

D Mechanism design example

Consider a mechanism designer interested in altering g75 to induce an expected outcome of roughly
(3,3). In our data, roughly 24% play aq1 and 39% play as 1 which gives an expected outcome of
(2.3, 2.6). One of grs’s neighbors achieves this goal (g¢1) with 82% playing aq 1 and 71% playing
as,1, leading to an expected outcome of (3.0, 3.1). It achieves this by shifting the level-1(«) predic-
tion from (2,2) in g75 to (3,4) in g1. One of the standard mechanism design solutions, on the other
hand, would be to design a game in which the desirable outcome (3,3) is the unique equilibrium.
It can be verified that only g¢i14, 915, 920, 921, 935, 936, and gs4o satisfy this condition. However, in
our data, this is only achieved by the best case scenario in which (3,3) is implemented by strictly
dominant action (in gss where 89% play the equilibrium strategy). In all other games with a
unique (3,3) equilibrium, the percentage of equilibrium play is strictly lower, with consequently
worse (or not Pareto improving) expected outcomes. Moreover, none of the games with a unique
(3,3) equilibrium are neighbors with gr5. In other words, altering g75 into gs¢ requires larger payoff
changes (because g3 is not a neighbor to g75) and achieves a worse expected outcome ((3,3)) than

our suggested solution of altering gr5 into ge1 ((3,3.1)).

E Table of games in G*

In the 4-page table below, the column denoted by “type” distinguishes four broad types of games:
games with one-sided strict dominance (OD), games with two-sided strict dominance (DD), match-
ing pennies type games (MP), and coordination type games (CO). However, it is useful to further
refine OD and CO depending on whether the Level-k(«) rules select just one or more than One-
outcome. Hence we have two types of games in OD: ones where the Level-k(a) rules select a single
outcome (OD1), and ones where they select Two-outcomes (OD2). Similarly, there are two types
of coordination games: ones where Level-k(«) rules select a single NE (CO1), and ones where

Level-k(a) rules span all outcomes and hence both NE (CO2).
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E. Table of games in G*
Game id Payoff matrix Bruns id Lk(a) type Emp. similarity class

1 4 4 3 3 11,1 DD Al
2 2 1 1 12,1

2 4 4 3 3 7,2 OD2 A2
2 1 1 2 11,6

3 4 4 3 2 11,2 DD Al
2 3 1 1

4 4 4 3 2 8,2 OD2 A2
2 1 1 3 11,5

5 4 4 3 1 10,2 DD Al
2 3 1 2 11,3

6 4 4 3 1 9,2 OD1 Al
2 2 1 3 11,4

7 4 3 3 4 1,2 OD2 A2
2 2 1 1 11,12

8 4 3 3 4 6,2 DD Al
2 1 1 2 11,7

9 4 3 2 5,3 DD Al
2 4 1 1 10,8

10 4 3 3 2 3,8 OD2 A2
2 1 1 4 5,1

11 4 3 3 1 5,2 DD Al
2 4 1 2 11,8

12 4 3 3 1 2,8 OD1 Al
2 2 1 4 5,1

13 4 2 3 4 2,2 OD2 A2
2 3 1 1 11,11

14 4 2 3 3 5,4 OD2 A2
2 4 1 1 9,8

15 4 2 3 3 4,8 DD Al
2 1 1 4 5,9

16 4 2 3 1 5,1 DD Al
2 4 1 3 12,8

17 4 2 3 1 1,8 OD1 Al
2 3 1 4 5,12

18 4 1 3 4 3,2 OD1 Al
2 3 1 2 11,10

19 4 1 3 4 4,2 DD Al
2 2 1 3 11,9

20 4 1 3 3 5,5 OD1 Al
2 4 1 2 8,8
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E. Table of Games in G* (cont.)
Game id Payoff matrix Bruns id Lk(a) type Emp. similarity class

21 4 1 3 3 5,8 DD Al
2 2 1 4

22 4 1 3 2 5,6 OD1 Al
2 4 1 3 7,8

23 4 1 2 5,7 DD Al
2 3 1 4 6,8

24 4 4 3 3 10,1 DD Al
1 2 2 1 12,3

25 4 4 3 3 7,3 OD2 A2
1 1 2 2 10,6

26 4 4 3 2 8,3 OD2 A2
1 1 2 3 10,5

27 4 4 3 1 10,3 DD Al
1 3 2 2

28 4 4 3 1 9,3 OD1 Al
1 2 2 3 10,4

29 4 3 3 4 1,3 0OD2 A2
1 2 2 1 10,12

30 4 3 3 4 6,3 DD Al
1 1 2 2 10,7

31 4 3 3 2 4,3 DD Al
1 4 2 1 10,9

32 4 3 3 2 3,9 OD2 A2
1 1 2 4 4,10

33 4 3 3 1 2,9 OD1 Al
1 2 2 4 4,11

34 4 2 3 4 2,3 OD2 A2
1 3 2 1 10,11

35 4 2 3 3 4,4 OD2 A2
1 4 2 1 9,9

36 4 2 3 3 4,9 DD Al
1 1 2 4

37 4 2 3 1 4,1 DD Al
1 4 2 3 12,9

38 4 2 3 1 1,9 OD1 Al
1 3 2 4 4,12

39 4 1 3 4 3,3 OD1 Al
1 3 2 2 10,10

40 4 1 3 3 4,5 OD1 Al



E. Table of Games in G* (cont.)

Game id
41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

o7

58

99

60

Payoff matrix

4
1

1
4

1
3

3
2

3
2

2
3

2
4

[\

—

Bruns id
4,6
7,9

4,7
6,9

12,1
7.1
12,6

8,1
12,5

9,1
12,4

1,1
12,12

6,1
12,7

3,7
6,10

2,7
6,11

2,1
12,11

6,4
9,7

1,7
6,12

3,1
12,10

6,5
8,7

6,6
7,7

6,7
7.4
9,6

8,4
9,5

9,4
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Lk(a) type
OD1

DD

DD

OD2

0OD2

OD1

OD2

DD

OD2

OD1

OD2

0OD2

OD1

OD1

OD1

OD1

DD

CO2

CO2

CO1

Emp. similarity class
Al

Al

Al

A2

A2

Al

A2

Al

A2

Al

A2

A2

Al

B1

B1

B1

B1

A2

A2

Al



E. Table of Games in G* (cont.)
Game id Payoff matrix Bruns id Lk(a) type Emp. similarity class

61 4 3 2 4 1.4 MP A4
1 2 3 1 9,12

62 4 3 2 2 3,10 CcO2 B4
1 1 3 4

63 4 3 2 1 2,10 Co1 B3
1 2 3 4 3,11

64 4 2 2 4 2.4 MP Ad
1 3 3 1 9,11

65 4 2 2 3 3.4 MP A2
1 4 3 1 9,10

66 4 2 2 1 1,10 Co1 B3
1 3 3 4 3,12

67 1 2 3 3,5 MP A4
1 4 3 2 8,10

68 1 2 2 3,6 MP Ad
1 4 3 3 7,10

69 4 4 1 3 7.6 Co1 B2
31 2 2

70 4 4 1 2 7,5 Co1 B2
3 1 3 8,6

71 4 3 1 4 1,6 MP A4
3 2 2 1 7,12

72 4 3 1 1 1,11 CcO2 A3
3 2 4 2,12

73 4 2 1 4 2,6 MP Ad
3 3 2 1 7,11

74 4 2 1 1 1,12 CO2 A2
3 3 2 4

75 4 1 1 3 1,5 MP Ad
3.4 2 2 8,12

76 4 4 1 2 8,5 Co1 B2
2 1 3 3

77 4 3 1 1 2,11 CcO2 A3
2 2 4

78 4 2 1 4 2,5 MP A4
2 3 3 1 8,11
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