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This paper presents novel methods for representing and analyzing a special class of multi-agent bargaining settings which
feature multiple players, large action spaces, and a relationship among players’ goals, tasks and resources. We show how
to reduce these interactions to a set of bilateral normal-form games in which the strategy space is significantly smaller
than the original settings, while still preserving much of their structural relationship. The method is demonstrated using the
Colored Trails (CT) framework which encompasses a broad family of games and has been used in many past studies. We
define a set of heuristics (metastrategies) in multi-player CT games that make varying assumptions about players’ strategies,
such as boundedly-rational play and social preferences. We show how these CT setting can be decomposed into canonical
bilateral games such as the Prisoners’ Dilemma, Stag Hunt and Ultimatum games in a way that significantly facilitates their
analysis. We demonstrate the feasibility of this approach in separate CT settings involving one-shot and repeated bargaining
scenarios which are subsequently analyzed using evolutionary game theoretic techniques. We provide a set of necessary
conditions for CT games for allowing this decomposition. Our results have significance for multi-agent systems researchers
in mapping large multi-player CT task settings to smaller, well-known bilateral normal-form games while preserving some
of the structure of the original setting.
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1. INTRODUCTION
Computer systems are increasingly being deployed in task settings where multiple agents interact
and make decisions together—whether collaboratively, competitively or in between—in order to
accomplish their individual and group goals [Gal et al. 2010]. Despite their prevalence in the real
world, the analysis of participants’ strategies in task settings is challenging due to the large strategy
space and the boundedly rational behavior that characterizes human behavior in such settings. The
focus of this paper is on the analysis of computational strategies for task settings where there is an
interaction among goals, tasks required to achieve these goals, and resources needed for completing
tasks. This paper provides a method to reduce such settings to a set of smaller games that make
basic assumptions about the strategies employed by players in the games in a way that significantly
facilitates this analysis. These heuristics, called “metastrategies” have been shown to reduce the
analysis of large-scale interactions such as auctions or poker [Phelps et al. 2008; Ponsen et al. 2009;
Walsh et al. 2002].
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Our empirical study is based on a commonly used and freely available test-bed for modeling task
settings called Colored Trails (CT) [Gal et al. 2010]. The CT framework provides an abstract ana-
logue to the ways in which goals, tasks and resources interact in real-world settings. CT includes
a family of games that are parameterized to allow for increasing complexity along a number of
dimensions, such as the number of participants, the availability of and access to information, the
dependency relationships that hold between participants, and the communication protocol. It sup-
ports comparisons of the performance of different computational strategies for interacting in groups
comprising people and computer agents as well as solely computer agents. The framework has been
used extensively in settings as diverse as repeated negotiation, interruption management, team for-
mation and behavior analysis in space-flight simulations [Gal and Pfeffer 2007; Haim et al. 2014;
Hennes et al. 2009; Kamar et al. 2009]. 1

The contributions of this paper are three-fold. First, we extend the notion of metastrategies to
players bargaining behavior. We define metastrategies in the CT game as key points in the strategy
space, which effectively capture the strategic component of the interaction but reduce the strat-
egy space significantly. The metastrategies are domain-independent and make minimal assumptions
about the way other players make decisions. These metastrategies allow a reduction to canonical
bilateral social dilemma games such as Stag Hunt, Prisoners Dilemma, and Ultimatum games. The
mapping from CT game instances to well-known social dilemmas allows to compare participants
behavior in CT with prior results from these smaller, more traditional settings. We demonstrate this
approach in a three-player CT configuration in which two proposer players make take-it-or-leave-it
offers to a responder player. We define several metastrategies for proposers in this game that make
varying assumptions about how responders make decisions. We lay down a set of criteria that make
generated CT game strategically interesting instances for human players. Results from simulation
experiments that sample thousands of CT game instances confirm that participants outcomes from
playing metastrategies in the original game instances correspond to the outcomes from playing the
same strategies in the reduced canonical form games.

Second, we show how to relax some of the assumptions and generalize the concept of metastrate-
gies to various settings including varying number of proposers and responders. Third, we perform
an empirical evaluation of a large number of strategically interesting game instances. The resulting
empirical payoff matrices are analysed and equilibria identified. Furthermore, we perform an evo-
lutionary game-theoretic analysis of the empirical games that reveal how players strategies evolve
over an extended interaction horizon. Finally, we study adaptive repeated play in CT game instances
using learning automata that use a randomized policy over the metastrategies.

These contributions have significance for agent-designers in that they facilitate the comparison of
computational strategies in various task settings with results obtained in more traditional idealized
settings. They allow researchers to generate new types of interactions in task settings that meet
strategically interesting criteria.

This paper expands previous work [de Jong et al. 2011] in multiple ways. We extended the mo-
tivation and relate to relevant work from the negotiation and behavioral economics literature. We
show how to generalize the metastrategy definition to new CT settings. In particular, we discuss
four different cases that cover arbitrary numbers of metastrategies and the generalization to multi-
ple players. Finally, we analyze the empirical game payoff tables using evolutionary game theory
and adaptive repeated play. This allows us to study the dynamic behavior of players in the long run,
while previous work was limited to the single-shot scenario.

2. RELATED WORK
Our work relates to studies spanning both the empirical and behavioral game theoretic literature.
Past work in empirical game theory has facilitated equilibria computation by abstracting a large
strategy space to a small number of metastrategies [Walsh et al. 2002, 2004]. The methodology

1Colored Trails is free software and is available for download at http://www.eecs.harvard.edu/ai/ct. A complete list of pub-
lications can also be found at this link.
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allows to compute expected payoffs to players as a function of the joint strategy space, identify
equilibria, and analyze the evolutionary dynamics. This approach has been implemented in several
domains in which expert knowledge is available to assist in the establishment of suitable heuristics.
In Poker, heuristics have been used for representing players’ aggression-factors (Rock, Shark, Gam-
bler and Fish) [Ponsen et al. 2009] and to facilitate learning during their play [Ponsen et al. 2008].
In auctions, heuristic payoff tables have been used to represent common trading strategies such as
generating random bids subject to minimal constraints as well as adaptive strategies that consider
the history of past trades or have access to varying levels of information [Gjerstad and Dickhaut
1998; Phelps et al. 2008; Walsh et al. 2002]. This has been shown to facilitate equilibria compu-
tation using evolutionary game theoretic analysis [Bloembergen et al. 2015; Hennes et al. 2012;
Kaisers et al. 2009; Phelps et al. 2001]. Our work extends these studies in defining metastrategies in
multiplayer task settings that make various assumptions about players in the game that are inspired
by work in the behavioral economics literature.

Aras et al. [2006] reduce bimatrix games to bipartite directed graph that capture the inter-
dependencies of the strategies of the game. They establish a correspondence between the set of
elementary structures of the graph and the set of the equilibria of the game.

In addition to the work on heuristic payoff tables to reduce the complexity of the joint strategy
space, several papers address complexity reduction by addressing player symmetry, i.e. the success
of a strategy depends on other strategies played but not on who is playing. Wiedenbeck and Wellman
[2012] use the concept of player reduction to construct games with a small number of players that
approximate very large symmetric games. Kash et al. [2011] introduce large anonymous games with
player symmetry formally and study multiagent learning in these scenarios.

Our setting also relates to canonical studies in behavioral game theory on people’s play in ultima-
tum games [Fehr and Schmidt 1999; Güth et al. 1982; Henrich et al. 2004; Oosterbeek et al. 2004].
Grosskopf [2003] studied ultimatum games involving three responders and one proposer. If all re-
sponders reject the offer, all players receive nothing. Otherwise a random draw determines which of
the accepting responders is matched with the proposer. Because responders compete for the single
proposer, the shares for proposers were found to be significantly higher than in the traditional game
setting. De Jong et al. [2008] studied n-player ultimatum game in which each player takes a share
of the reward one by one. The last player has the deciding power to accept the share that is left over
or to reject and leave all players with no shares. Chang et al. [2012] used a setting in which multiple
players on a graph choose neighbors to play bilateral ultimatum games and investigated the stability
conditions for the survival of a “fair” society of agents. Our empirical setting includes a three-player
game that extends the abstract ultimatum game setting to a board game which provides an analogy
to task settings in the real world.

3. IMPLEMENTATION: COLORED TRAILS
Our study is based on the Colored Trails framework, a family of games that are played by two or
more participants on a board of colored squares. The basic CT board includes players’ pieces and
goal squares, but configurations may also include traps or other features needed to model a task
situation. We begin our study with a three-player CT configuration that includes a board of 4x4
squares, colored in one of five colors. Each player possesses a piece located on the board and a
set of colored chips. A colored chip can be used to move a player’s piece to an adjacent square
(diagonal movement is not allowed) of the same color. The general goal is to position pieces onto or
as close as possible to a goal location indicated by a flag. Each player receives points purely based
on its own performance. There are distinct roles in the game: two proposer(s) (termed P1 and P2)
and a single responder (termed R). Figures 1(a) and 1(c) show two examples of game instances that
include game boards showing the goal and player locations, as well as the chip sets that have been
allocated to each player. Chips correspond to agent capabilities and skills required to fulfill tasks.
Different squares on the board represent different types of tasks. A player’s possession of a chip of
a certain color corresponds to having the skill available for use at that time.

ACM Transactions on Embedded Computing Systems, Vol. 0, No. 0, Article 1, Publication date: May 2015.
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(a) First example Colored Trails game instance.
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(b) Gain graph of the game instance presented in (a).

(c) Second example Colored Trails game instance.
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(d) Gain graph of the game instance presented in (c).

Fig. 1. Example Colored Trails game instances and gain graphs. In (a) and (c), the three players (R, P1 and P2) are
shown, along with their chip sets. The two proposers cannot observe each others’ chip sets. All players can see the board,
on which their locations are indicated, as well as the goal state (a yellow flag). In (b) and (d), we show the gain graphs for
both proposers. These graphs plot proposer gain versus responder gain for each possible proposal with non-zero benefit. The
convex hull in this graph denotes the Pareto-front. The metastrategies PF, RF and QF are located on this front, as indicated.
In (b), QF is a pure metastrategy; in (d), it is a mixed metastrategy (of PF and RF), since there is no proposal on the convex
hull between PF and RF.

The CT game is divided into the following sequence of four phases.

(1) Initial phase. The game board and the chip sets are allocated to the players. This initial phase
allows participants to locate their own piece on the board and reason about the game. For exam-
ple, in Figure 1(a), proposer P1 is missing a green chip to get to the goal (by moving left-up-up),
proposer P2 is missing a gray or green chip (moving up-up-right or up-right-up) to get to the
goal, and responder R is missing a gray chip and two blue chips to get to the goal (moving
right - 3x up - right). Of course, usually different options exist to reach the goal location, in
our example, responder R is missing a red and a gray chip to reach the goal by following the
path: 3x up - 2x right. The game state is fully observable at this point, except that proposers
cannot see each other’s chips. Proposers can inspect the responder’s chip stack, the responder
can observe the proposers’ chip stack, and all positions on the board are observable.

(2) Proposal phase. The two proposers can make chip exchange offers to the responder. Both pro-
posers make offers to the responder simultaneously; they cannot observe each other’s offer.

(3) Response phase. The responder is presented with the two proposals. It can only accept one or
reject both proposals and is not allowed to make a counter-proposal.

(4) Termination and scoring phase. In this phase, players automatically exchange chips if they have
reached agreement, and the icon of each player is advanced as close as possible towards its goal
(using the Manhattan path with the shortest distance) given the result of the negotiation. The
game ends and scores are automatically computed for each player: for every step between the
goal and the player’s position, 25 penalty points are subtracted. For every chip the player has
not used, it receives 10 extra points.

ACM Transactions on Embedded Computing Systems, Vol. 0, No. 0, Article 1, Publication date: May 2015.
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In this paper, we use the following terminology associated with scores. First, the base score for a
player p ∈ {R,P1, P2} is the score the player receives when there is no agreement.2 Second, the
gain for a player p and a chip exchange proposal s denotes the difference of the final score given
that s is realized and the base score, and is denoted as Gp (s). The base score for p, that is, the gain
when there is no agreement, is denoted as Gp (∅).

For example, in Figure 1(a), GP1 (∅) = −20. This is because if there is no agreement, the player
can only move one square to the left by using its red chip. It is still two squares away from the goal,
yielding 2× 25 = 50 penalty points. It has 3 remaining chips, yielding 3× 10 = 30 points. In this
particular game, GP2 (∅) = −20 as well, with the optimal move being one to the right, using one
red chip. The responder has a base score of−25; it can spend two blue chips to go right and upward,
yielding a distance of 3 to the goal (75 penalty points) and 5 remaining chips (50 extra points). One
possible proposal for P1 is to offer a red and a grey chip for a blue chip, a green chip, and three
yellow chips from the responder. In this case the proposer can get to the goal, and receives a gain of
60. The responder can now reach a location only one square away from the goal at the expense of
all its chips; thus resulting in a zero gain.

4. DEFINING PROPOSER METASTRATEGIES
Although the rules of the CT game are simple, it is not trivial to analyze. Both proposers need
to reason about the tradeoff between making beneficial offers to the responder and offers that are
beneficial for themselves, because they compete with each other for making the best offer to the
responder. Moreover, the number of possible strategies is large. In the example instance presented
in Figure 1(a), the number of unique proposals for P1 is 240, while P2 can choose from 144 unique
proposals.3 The responder can choose to accept or reject any of these offers, so the size of the
strategy space for the responder is 240× 144× 2. The size of the combined strategy space makes it
difficult to analyze this game in a principled way. In this section we show how to reduce this large
setting to smaller interactions in a way that preserves the strategic flavor of the original CT scenario.
We note that we do not solve the original three player game but an induced game in which some of
the players use the meta-strategies approach which will be described in the next section.

The analysis presented in this section is not specifically tailored to (three-player) CT. Basically,
any multi-agent one-shot negotiation setting may be analyzed in the manner presented here; as with
CT, agents may each have a large number of actions to choose from, making straightforward game-
theoretic analysis very hard. We will discuss this after outlining the analysis.

4.1. Initial Assumptions
We first describe two assumptions we make about the various players in the game; we will relax the
first assumption later in the paper.

Rational responder. The responder R has three possible actions, i.e., to accept the proposal of
P1, to accept the proposal of P2, or to accept neither of them. For the responder, the game is thus
similar to an Ultimatum game with proposer competition [Hauert 2010]. Initially, in our analysis,
we assume that the responder plays according to a rational strategy. If both proposals do not provide
it with a positive gain, it rejects both; if both proposals yield an equal gain, it accepts one of them
with equal probability for both; if one proposal is strictly better, it accepts this proposal.

Semi-rational proposers. A strategy for the proposer player consists of an offer made to the respon-
der. To choose a strategy, proposers have to take into account the gain resulting from each proposal
for themselves as well as the responder. For our analysis, we assume that proposer P limits the set
of possible proposals to those that (1) lead to a non-negative personal gain, i.e., GP (s) ≥ 0, and (2)

2Whenever we are not referring to one specific proposer, we will use the general notation ‘P ’ when we imply ‘P1 and/or
P2’.
3Two proposals are unique if they do not use the same chips.
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have a chance of being accepted by the responder, i.e., GR(s) ≥ 0. For example, in Figure 1(a), P1
(P2) has 79 (50) valid proposals given this limitation.

4.2. Analysis of Scenario
In the two-proposer setting we consider, proposers are in competition with each other, which means
proposers have to take into account the gain of the responder. To facilitate analysis, we plot the gains
GR(s) againstGP (s) for each possible proposal s in a gain graph. Gain graphs for the two example
games are given in Figures 1(b) and 1(d). In the interaction between a proposer and the responder,
the Pareto-dominant proposals are located on the convex hull, as indicated in the figures.

Two proposer metastrategies. We note the following proposals located on the convex hull.

— Proposer focus (PF). PF is the strategy in which the proposer first maximizes its own gain, and
then finds the maximum gain for the responder.

PFP = argmax
s′

GR(s
′), s′ ∈ argmax

s
GP (s), s ∈ S (1)

— Responder focus (RF). RF is the strategy in which the proposer first maximizes the responder’s
gain, and then finds the maximum gain for itself.

RFP = argmax
s′

GP (s
′), s′ ∈ argmax

s
GR(s), s ∈ S (2)

We call these proposals metastrategies, as their definition does not depend on the actual CT setting.
The proposals corresponding to the metastrategies PF and RF for the example CT games appear
in Figures 1(b) and (d). In the example instance of Figure 1(b), the strategy PF for P1 corresponds
to the chip exchange we mentioned before (in which P1 offers one red chip and one gray chip in
exchange for a blue, a green, and three yellow chips, leading to a gain, if accepted, of 60 for P1 and
0 for R), while RF corresponds to giving a blue chip, a red chip, and a gray chip in exchange for
two green chips (leading to a gain of 20 for P1 and 55 for R here).

Interactions between metastrategies. Suppose that proposers play only the metastrategies PF and
RF. We show an extensive-form representation of the resulting CT scenario in Figure 2 (for proposer
2). We do not list the payoff for the responder from playing its rational strategy. In the figure, the
two decision nodes of P2 are grouped into one information set, because the players make their
proposals simultaneously. Once P2 has chosen, the static and rational strategy of the responder
(which is indicated in the figure) leads to certain expected gains.

When calculating these expected gains, we assume that metastrategy pairs (i.e., PFP1 and PFP2

at the top branch of the extensive-form representation; and RFP1 and RFP2 at the bottom branch)
yield the same gain for the responder, so the responder is indifferent to the two metastrategies. In
other words, we assume the CT game instance is symmetrical. A CT game instance may gener-
ally not be (fully) symmetrical, unless we explicitly generate only symmetrical games. As we will
discuss in Section 6, using our set of criteria that lead to strategically interesting games, we find
games that are symmetrical in expectation, even though symmetry is not a criterium. As a result, the
responder chooses between these pairs of metastrategies with equal probability p = 1

2 .
The payoff A denotes the gain that a proposer receives when playing PF and being accepted; C

denotes the gain for RF being accepted. Clearly, this extensive-form game can be represented in a
2x2 matrix game which omits the responder’s strategy. The gain matrix of the symmetrical game
between the two proposers is shown in Figure 3.

Since the game between the two proposers is a 2x2 matrix game, it is straightforward to analyze.
The game depends on the relationship between A and C, as follows. For A < 2C, the game is
a Prisoners’ Dilemma, with one Nash Equilibrium at (RF, RF) and a Pareto-optimal outcome at
(PF, PF). For A ≥ 2C, we obtain a Stag Hunt game, with two pure Nash Equilibria; the RF-
equilibrium (shorthand notation) is risk-dominant, while the PF-equilibrium is payoff-dominant.
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Fig. 2. Extensive-form representation of the three-player negotiation variant of CT with two proposer metastrategies. The
payoff for the rational responder R is not shown.

Fig. 3. Induced two-proposer game with two metastrategies
PF RF

PF 1
2A, 1

2A 0, C
RF C, 0 1

2C, 1
2C

Both the Prisoners’ Dilemma and the Stag Hunt game are well-known social dilemmas [Messick
and Brewer 1983].

The strategic qualities of the original CT game are preserved in the 2x2 matrix game played
between metastrategies. In the original CT game, the RF metastrategy corresponds to offering the
best possible offer to the responder. RF is therefore also the risk-dominant proposal in the original
game, because it guarantees a positive gain to the proposer. Even if both proposers play RF, the
expected gain for each proposer will be positive. In contrast, the PF metastrategy is payoff-dominant
but risky, because it provides a low (or even zero) gain to the responder. It will yield the most positive
possible gain (payoff) for the proposer if the other proposer also plays PF, but will yield no gain at
all otherwise. The proposers’ dilemma in the original game (favoring themselves or the responder)
is thus accurately reflected in the reduced 2x2 matrix game.

In the example CT instance shown in Figure 1(a) and (b), we find that the PF strategy yields a gain
to the proposer of 60 and a gain of 0 to the responder if accepted, while the RF strategy yields a gain
of 20 to the proposer and 55 to the responder. Hence, A = 60 and C = 20 here, and A > 2C; the
game played between the two proposers is thus a Stag Hunt. In a similar manner, we can conclude
that the CT game of Figure 1(c) and (d) is a Prisoners’ Dilemma, because A = 25 and C = 15
yields A < 2C.
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Fig. 4. Pure or mixed strategies on the convex hull may strictly dominate a mixed strategy of PF and RF. In the example on
the left, we find a pure strategy s∗ on the convex hull that strictly dominates a mixed strategy s of PF and RF. On the right,
a mixed strategy s∗ strictly dominates s.

Introducing a third metastrategy. While we distinguish only two metastrategies thus far, a pro-
poser’s actual strategy s may be mixed, yielding (in theory) infinitely many possible (mixed) strate-
gies s based on the two metastrategies.

We now demonstrate that a proposer can benefit from employing a metastrategy other than such
a mixed strategy s. This is illustrated in Figure 4 (left and right). In the gain graph, all mixed
strategies of PF and RF are located on the straight line connecting PF and RF. From the proposer’s
perspective, any mixed strategy s is strictly dominated by a strategy s∗ for whichGP (s

∗) > GP (s).
This constraint is met by all points to the right of s in the plot. Given that the responder behaves
rationally, we say that s∗ strictly dominates s iff GR(s

∗) > GR(s). All points above s in the plot
meet this constraint. Thus, strategies that lie in the white area of the graphs in Figure 4 strictly
dominate the mixed strategy s.

In some cases, the convex hull may lie on the straight line between PF and RF, as for instance in
the second example game (Figure 1(d)); then, there is no strategy that strictly dominates s. In other
cases however, as in Figures 4 and 1(b), the convex hull may be located above the line PF-RF. In
these cases, we can always find a strategy s∗ that strictly dominates s, except if s is a pure strategy
itself, i.e., if s assigns a probability of 1 to a certain metastrategy. For instance, in Figure 4 (left),
we find a pure strategy s∗ on the convex hull that dominates s. In Figure 4 (right), a mixed strategy
s∗ on the convex hull dominates s. In Figure 1(b), both proposers have three pure strategies (and an
infinite number of mixed strategies involving one or more of these pure strategies) that dominate a
mixed strategy of PF and RF.

Thus, proposers indeed may benefit from employing additional metastrategies, since these addi-
tional metastrategies may dominate (mixed strategies of) the two metastrategies we already defined.
We therefore introduce a third metastrategy, named QF (where Q is chosen simply because it is
between P and R), which is to play the median proposal on the convex hull. Note that the median
may be defined for any number of proposals on the convex hull; for an even number, the two points
of the middle pair have equal probability of being selected. Thus, proposals corresponding to the
third metastrategy may again be found in any CT game.

Figures 1(b) and 1(d) show the mixed metastrategy QF for the two example CT instances. We
see that the first instance has a pure QF metastrategy which dominates a mixed strategy of PF and
RF. The gain graph shows that QF yields a proposer (responder) gain of 40 (35) here. The second
instance has no strategies on the convex hull that dominate a mixed strategy of PF and RF; still, QF
may be defined by choosing at random from PF and RF with equal probability. The (expected) gain
for QF is then the average of the gains for PF and RF, i.e., 20 for the proposers and 17.5 for the
responder.
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PF QF RF

PF 1
2A, 12A 0,B 0,C

QF B,0 1
2B, 12B 0,C

RF C,0 C,0 1
2C, 12C

Fig. 5. Induced two-proposer CT game with three metastrategies

Interactions between three metastrategies. With three metastrategies, the game between the two
proposers becomes a 3x3 matrix game as follows.
Here,A ≥ B ≥ C. As with the two-strategy game, we can find different types of game depending on
the relation betweenA,B, andC. It is easy to see that potential equilibria are located on the diagonal
of the matrix. Moreover, as in the two-strategy game, (RF, RF) is an equilibrium. Depending on the
values of A, B, and C, we may distinguish four different games. For all games in which A < 2B <
4C, (RF, RF) is the sole equilibrium. For A ≥ 2B ≥ 4C, all three diagonal strategies are equilibria.
For A < 2B and B ≥ 2C, the equilibria are (RF, RF) and (QF, QF). For A ≥ 2B and B < 2C, we
find equilibria at (RF, RF) and (PF, PF).

In the example of Figure 1(a), we find B = 40 (A = 60 and C = 20 still holds); thus, A < 2B
andB = 2C, meaning the 3x3 matrix game has two equilibria, i.e., the RF- and the QF-equilibrium.
In Figure 1(c), we find A = 25, B = 20 and C = 15, so A < 2B and B < 2C, yielding a single
equilibrium at (RF, RF).

Adding social factors to the responder model. Thus far we have assumed the responder to be ratio-
nal. Empirical evidence (in Ultimatum game settings) suggests that human responders are actually
not fully rational [Gintis 2000]. One of the most well-known alternative models for Ultimatum-
game responder behavior is inequity aversion [Fehr and Schmidt 1999]. The responder does not act
directly on its gain GR(s), but instead on a utility function UR(s), which depends on its own gain,
but also on how it compares to the gain of the proposer, GP (s). The original model distinguishes
two components in the utility function, namely greed and compassion, both of which decrease the
responder’s utility in comparison to the actual gain. The greed component is generally far stronger
(in humans); we do not consider the compassion component here. Translated to our settings, the
responder’s utility function may then be defined as follows.

UR(s) =

{
GR(s) GR(s) ≥ GP (s)
GR(s)− αR (GP (s)−GR(s)) otherwise

(3)

There is one parameter, αR, which determines how strongly the responder dislikes a proposal which
gives a proposer more gain than the responder.

To illustrate the effect of inequity aversion, we apply it to the gain graph of proposer 1 in the
first example game (Figure 1(a) and (b)). The effect for αR = 0.5 is visualized in Figure 6. For
proposals that give the proposer more gain than the responder (i.e., below the diagonal), the utility
(perceived gain) for the responder is lower than the actual gain. As a result, some proposals that
may be accepted by a rational responder are not accepted by an inequity-averse responder. As is
visible from the figure, the convex hull changes, as does the location of the PF metastrategy. If the
responder is inequity-averse and the proposers do not take this into account, they may coordinate
(without communication) to offer the PF proposal, expecting that one of them will be accepted,
while in reality, the responder will reject both proposals.

Instead of offering PF, proposers should offer PF’, yielding a gain of 50 instead of 60 in the
example. They are able to find PF’ if they are aware of the inequity aversion present in the responder
(i.e., the value of αR), which implies they can calculate the modified gain graph. We deal with both
unaware as well as aware proposers in our empirical evaluation (see Section 6).
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Fig. 6. Effect of inequity aversion on the utility (perceived gain) of the responder: the convex hull and the metastrategies
change. PF will no longer be accepted by the responder, which means proposers need to offer PF’ instead.

5. GENERALIZING THE ANALYSIS
In this section we show that our analysis may be generalized to more than three metastrategies and
other variants of the CT game.

5.1. Arbitrary numbers of metastrategies
We can introduce additional metastrategies in a similar way to introducing a third metastrategy.
For example, it is easy to include five metastrategies that correspond to the minimal, first quartile,
median, third quartile, and maximal proposals on the convex hull. Generally speaking, for n metas-
trategies, we obtain an nxn matrix game. The n diagonal strategies may each be equilibria or not,
except the ever-present RF-equilibrium. Depending on the gains for each metastrategy pair, there
are 2n−1 different possibilities for equilibria in this nxn game.

5.2. Generalizing to multiple players.
The analysis above is specifically performed on the three-player negotiation variant of CT. However,
results generalize to other games within the CT framework as chip exchanges are a vital part of the
framework [Grosz et al. 2004].

1-proposer, 1-responder. A common different variant is a two-player negotiation game (i.e., one
proposer and one responder), potentially with multiple phases and/or alternating roles [Haim et al.
2010]. The one-shot two-player game also allows us to construct the gain graph and identify the
metastrategies. Since the dilemma (and the associated competition) between the proposers is miss-
ing, the single proposer may get away with offering PF every time. The game is highly similar to the
canonical Ultimatum game. The optimal strategy s for the proposer P against a rational responder
maximizes its gain while providing a non-negative gain for the responder (i.e., the optimal strategy
is argmaxsGP (s)).

If there is only one rational responder the outcome of the game is deterministic. The responder
has full information about the state of the game and maximizes her reward. Let us assume, accepting
a RF offer results in payoff X for the responder, accepting a PF offer results in payoff Y < X . The
resulting payoff matrix is shown in Figure 7(a)

The rational responder always accepts and we clearly see that (PF, Accept) is the only Nash
equilibrium. In games with an inequity averse responder the utility UR = Y − α(X − Y ) of the
responder might drop below zero and thus may result in ‘Reject’ becoming best response.

1-proposer, m-responders. In a game with multiple responders we can still construct gain graphs
between each pair of proposer and responder. In this situation, the proposer is aware of all the
responders’ chip stacks. The proposer does not offer an exchange proposal to a specific responder
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PF RF

Accept A, Y ∗ C, X
Reject 0, 0 0, 0

(a) 1-proposer 1-responder

PF RF

Accept A, ≥ 1
mY C, ≥ 1

mX
Reject 0, 0 0, 0

(b) 1-proposer m-responder

Fig. 7. Payoff matrix for induced CT game with varying number of players

but each responder has the choice to accept or reject the offer thus resulting in an Ultimatum game
with responder competition [Grosskopf 2003]. Analytical and experimental studies in the Ultimatum
game clearly indicate that players benefit from an increased number of opponents in the opposite
role (e.g., responders fare well with more proposers) [Grosskopf 2003; Hauert 2010].

If there are multiple responders the game state is not fully observable. If a responder accepts a
proposal she is no longer guaranteed to receive it as other responders might have accepted it as
well. For k responders that have accepted a proposal, the probability of a successful chip exchange
for each responder is thus 1

k . If the proposer offers RF, each responder has an expected payoff of
at least 1

mX (if all other responders accept as well, i.e. k = m) for accept and 0 for reject. If the
proposer offers PF, each responder has an expected payoff of at least 1

mY for accept and 0 for reject.
The resulting game is shown in Figure 7(b). Similarly, a rational responder prefers any guaranteed
non-zero payoff over rejecting and thus accepts any offer. The Nash equilibrium for any 1-proposer,
m-responder game is thus (PF, Accept,. . .,Accept).

n-proposer, 1-responders. The situation can be reversed to a game with multiple proposers and a
single responder. This constitutes a social dilemma between the proposers, which can be modeled as
a Public Goods game with Ultimatum-type interactions between each proposer and the responder.

If all proposers play PF, proposals are accepted with uniform probability resulting in expected
payoffs 1

nA for proposers and Y for the responder. If C > 1
nA then there is an incentive to deviate

and proposers switch to RF. If there is at least one proposer playing RF, all PF proposers receive
0 and thus have an incentive to switch to RF resulting in 1

kC > 0 where k is the number of RF
proposals. This behavior cascades and thus all proposers play RF.

For A ≥ nC this class of games has two equilibria, i.e. (PF,. . .,PF, Accept) and (RF,. . .,RF,
Accept), and relates to a Stag Hunt game. The PF-equilibrium is payoff-dominant, while the RF-
equilibrium is risk-dominant. For A < nC, games relate to a Prisoners’ Dilemma with a single
Nash Equilibrium at (RF,. . .,RF, Accept). Note that the 3-player negotiation variant, as discussed
extensively above, falls in this class of games.

n-proposers, m-responders. Outcomes for games with multiple proposers and multiple responders
depend strongly on the rules that are established for assigning offers to players. For example, in a
two-proposer, two-responder game, what happens if P1 offers PF, P2 offers RF, R1 accepts every
positive offer, and R2 accepts only PF? Are offers then matched at random, or is there an algorithm
that determines the most optimal assignment? In the latter case, how do we define such an optimal
assignment? Does fairness play a role here, too? In other words, establishing sensible rules for large-
scale CT games is far from trivial, and these rules strongly influence the expected payoffs for certain
(meta-)strategies. For this reason, we do not present an analysis of games with multiple proposers
as well as multiple responders here.

6. EMPIRICAL EVALUATION
In this section, we outline how strategically interesting instances of the CT game may be generated.
We then discuss how players that perform actions according to the metastrategies may be heuristi-
cally implemented. Finally, we generate a large number of games, have our heuristic players play
them, and evaluate the empirical payoff tables, which can be compared with analytical results.
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6.1. Strategically interesting games
This section outlines three criteria that ensure strategically interesting games, i.e., games that require
strategic thinking from their players, and thus facilitate researchers to study this strategic thinking.
Basically, strategically interesting games are fair games that require negotiation and mutual depen-
dence.

Baseline scores. The initial board state (positions and chip sets) should yield baseline scores that
are comparable for all three players. We generate games that limit the difference in baseline scores
to be less than a certain ε.

max {GP1 (∅) , GP2 (∅) , GR (∅)} (4)
−min {GP1 (∅) , GP2 (∅) , GR (∅)} < ε

Negotiation requirement. No player should be able to reach the goal location on its own without
engaging in a chip trade. We define isSolution(P,C) = true iff player P can reach the goal given
a chip set C. The initial chip set of a player P is given by chips(P ).

¬isSolution(P1, chips(P1)) ∧ (5)
¬isSolution(P2, chips(P2)) ∧
¬isSolution(R, chips(R))

Mutual dependence. Due to the negotiation requirement, both proposers depend on a subset of the
responder’s chip set. In turn, the responder relies on a subset of either proposer 1 or proposer 2. A
one-sided proposal (i.e. asking for all chips or dispensing of all chips) may not lead to a chip set
allowing both the proposer and the responder to reach the goal.

∃CP1,CR ⊂ chips(P1) ∪ chips(R) s.t. (6)
CP1 ∩ CR = ∅ ∧ CP1 ∪ CR = chips(P1) ∪ chips(R) ∧
isSolution(P1, CP1) ∧ isSolution(R,CR)

∃CP2,CR ⊂ chips(P2) ∪ chips(R) s.t.
CP2 ∩ CR = ∅ ∧ CP2 ∪ CR = chips(P2) ∪ chips(R) ∧
isSolution(P2, CP1) ∧ isSolution(R,CR)

Note that each chip of the original set chips(P1) ∪ chips(P2) ∪ chips(R) is unique and any two
chips of the same color are not interchangeable in this representation.

We implement these three criteria by generating many pseudo-random games and checking them
against the criteria, keeping only those games that match. In a similar manner, we may introduce
additional criteria, such as symmetry (see the discussion following).

6.2. Experimental setup
For the empirical evaluation of the proposed metastrategies we generate a database of 10K games
that adhere to the criteria listed above (we chose ε = 20). Below, we discuss how the metastrategies
are implemented in heuristic players and how empirical payoffs are computed from games played
between these players.

Heuristic players. We implemented three heuristic players, each following one of the three metas-
trategies, i.e. PF, QF and RF. All three heuristic players start by enumerating all possible chip ex-
change proposals. Proposals that yield negative gains for either the proposer or the responder are
neglected. Heuristic players following metastrategies PF and RF are a straightforward implemen-
tation of the definitions given earlier. Metastrategy QF requires to compute the PF and RF strategy
points in the gain graph, as well as the convex hull connecting both.4 The median proposal on the

4While any convex hull algorithm is adequate, our implementation is based on the time-efficient Graham scan algorithm.
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PF QF RF

PF 21.0, 20.8 5.7, 24.3 2.9, 11.8
QF 24.5, 5.6 14.8, 14.2 6.0, 9.8
RF 11.8, 2.9 10.0, 5.7 6.5, 6.3

(a) three metastrategies

PF RF

PF 21.0, 20.8 2.9, 11.8
RF 11.8, 2.9 6.5, 6.3

(b) two metastrategies

Fig. 8. Empirical payoff matrix for the induced CT game

convex hull is then selected. For an even number, the two points of the middle pair have equal
probability of being selected.

Computing empirical payoffs. A single entry of the empirical payoff matrix is computed as fol-
lows. The row determines the metastrategy played by P1, while the column determines the metas-
trategy for P2. For each game in the database, chip exchanges proposed by the players are evaluated
by the responder and if a proposal is accepted, chips are exchanged and scores evaluated. The re-
sulting payoff is the difference between final and baseline scores (i.e. gain) averaged over all 10K
games and 10 runs. This process leads to a full empirical payoff table for the game as a whole.

6.3. Results
In this section, empirical payoff tables obtained by the metastrategies are presented and compared
to the predicted payoff tables.

Two-strategy game. With two metastrategies PF and RF, we obtain an empirical payoff table as
shown in Figure 8(b).

The empirical payoffs yield a Stag Hunt game, with A ≈ 42 and C ≈ 12. When we compare
the empirical payoff table to the analytical one, we note the following: First, the game is nearly, but
not completely symmetrical. This may be explained by the relatively small size of the board, which
leads to relatively large differences (i.e. possible imbalances) between the two proposers. On the
small board we use, symmetry arises from repeated play. The game is guaranteed to be symmetrical
in expectation, since proposers’ positions are randomized. Second, there are (small) positive values
where we expected values of 0. In some instances, a certain proposer’s PF proposal is preferred by
the responder over the other proposer’s RF proposal. Once again, this issue may be dealt with by
using larger boards, which would reduce the probability that PF ‘wins’ from RF. However, larger
boards are (even) more difficult for human players.

Three-strategy game. The empirical payoff table for the three-strategy game is given in Figure 8(a).
The values in the corners of the table are identical to those in the two-strategy game. We see that
B ≈ 25. It is interesting to consider the interactions between the ‘neighboring’ metastrategies.
Looking at the interaction between PF and QF, we find a Prisoners’ Dilemma. The QF metastrategy
is very strong against PF, giving proposers a strong incentive to defect. Between QF and RF, we find
a Stag Hunt. The payoff table thus yields a game with two pure equilibria, namely the QF- and the
RF-equilibrium.

Inequity aversion (unaware proposers). We now determine the effect of introducing social consid-
erations (inequity aversion) in the responder’s decision-making, without the proposers being aware
of this. We provide the empirical payoff matrices for two reasonable values of αR in Figure 9,
restricting ourselves to the two-strategy game.

For both α = 0.5 and α = 1.0, the second equilibrium (PF, PF) disappears, i.e. the game is no
longer a Stag Hunt. The (RF, RF) strategy remains the only pure equilibrium in both cases. For
α = 0.5, (PF, PF) yields the higher Pareto optimal payoff, thus posing a dilemma. For α = 1.0, the
utility of PF for the inequity averse proposers is reduced to the point where it falls below the payoff
of the (RF, RF) equilibrium thus no longer posing a dilemma.
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αR = 0.5 αR = 1.0

PF RF

PF 9.6, 9.9 1.2, 12.0
RF 12.0, 1.2 6.4, 6.3

PF RF

PF 5.3, 5.3 0.7, 11.9
RF 12.0, 0.7 6.5, 6.1

Fig. 9. Empirical payoff matrix with inequity aversion (unaware proposers)

αR = 0.5 αR = 1.0

PF RF

PF 17.0, 17.2 3.4, 11.3
RF 11.3, 3.2 6.5, 6.1

PF RF

PF 15.3, 15.1 4.6, 10.4
RF 10.5, 4.4 6.4, 6.1

Fig. 10. Empirical payoff matrix with inequity aversion (aware proposers)

Inequity aversion (aware proposers). We also investigate what happens if the proposers do know
that the responder is inequity-averse. The payoff matrices for the same values of αR are given in
Figure 10.

The second equilibrium is back again; proposers appropriately adjust their PF proposals to the
expectations of the responder. The payoff for PF is (sensibly) lower against itself than in the original
game with a rational responder. PF does increasingly well against RF, simply because PF is (slightly)
more similar to RF when proposers take into account the responder’s expectation.

7. EVOLUTIONARY AND LEARNING DYNAMICS
The normal form games in previous sections described a single interaction, or negotiation instance,
between the two proposers and the responder. Each proposer puts forward a chip exchange and
the responder decides to accept or reject the proposal, at which point the interaction ends. In this
section we analyze metastrategies in the three-player bargaining game using tools from evolutionary
game theory. We show the dynamics of repeated play assuming adaptive players that can learn from
previous experience.

7.1. Evolutionary game theory
Behavioral economics has shown that humans do not always act rationally and are often unable
to estimate or calculate likely costs and benefits of their actions, e.g., see Kahneman et al. [1982].
Evolutionary game theory relaxes the assumption of hyper rationality and argues that equilibrium
play is the mere result of an evolutionary process guided by trial and error. Instead of playing a
game just once (also called: one-shot game), the interaction is assumed to be repeated over multiple
stages. Clearly, this can affect the equilibrium strategies. CT can describe many different negotiation
settings, many of which are likely to be repeated for multiple stages. It is thus natural to consider
the dynamic, repeated variant of our previously described setting.

Population games provide a simple and general framework to study the dynamics of strategy
changes in large populations where individuals are randomly matched to play a normal form game.
In particular, the success of a strategy depends on biological-inspired genetic operators such as
natural selection and mutation. A population is formed by a finite or infinite number of individuals
each of whom is associated with a pure strategy. Two randomly matched individuals play a normal
form game according to their pure strategies while their payoff determines the evolutionary success
of the represented strategies.

Maynard Smith [1974] only defines a static solution concept that does not model the dynamic evo-
lution of the population explicitly. Taylor and Jonker [1978] have introduced the replicator dynam-
ics to provide a dynamic model of evolution based on ordinary differential equations. The replicator
dynamics describe the deterministic evolutionary dynamics of population games. Although initially
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PF QF

RF

Fig. 11. Single population dynamics in the three-strategy game. Evolutionary stable strategy (ESS) attractors are depicted
by filled circles; unstable rest points are shown as open circles. The dashed line marks the boundary between the basins of
attraction. Gains are visualized as a colored gradient where regions of high payoff are drawn in bright yellow and low returns
in dark red.

biologically inspired, replicator dynamics also find application in economics [Weibull 1997]. A gen-
eral introduction as well as more detailed treatments of evolutionary game theory can be found in
[Hofbauer and Sigmund 1998; Sandholm 2011; Weibull 1995].

Single population replicator dynamics. The continuous single population replicator dynamics are
defined by the following system of differential equation:

dπi
dt

= [(Aπ)i − π
′Aπ]πi (7)

An intuitive explanation goes as follows. The payoff matrix A determines the payoff a replicator
receives when interacting with others. The probability vector π describes the frequency of all repli-
cators within the population. Success of a replicator i is measured by the difference of its current
payoff (Aπ)i and the average payoff of the entire population π′Aπ. Hence, replicators that perform
better than average grow and those playing a strategy worse than average diminish.

Evolutionary stable strategies. The core solution concept of evolutionary game theory are evolu-
tionary stable strategies (ESS). We call a strategy π evolutionary stable if it cannot be invaded by
any mutant µ 6= π. Initially the entire population plays some strategy π. At some point in time a
mutant strategy µ occurs and is played by a small fraction of the population. The mutant might in-
vade the population, thus growing until it overtakes the entire population or it might become extinct
due to natural selection. A formal definition of the ESS concept is given below.

A strategy π is ESS if and only if for any mutant µ 6= π:

P (π, π) ≥ P (µ, π) , (8)

and if P (π, π) = P (µ, π), then

P (π, µ) > P (µ, µ) , (9)

where P (π, σ) is the payoff strategy π receives against strategy σ.

Hence, any mutant must not gain more profit against the evolutionary stable strategy than the evo-
lutionary stable strategy does against itself. Furthermore, in case of equal payoffs, the evolutionary
stable strategy must do better against the mutant than the mutant does against itself. The set of ESS
is a subset of the Nash equilibria in a given game.
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PF QF

RF

PF QF

RF

Fig. 12. Single population dynamics in the three-strategy game with inequity aversion (responder only); αR = 0.5 (left),
αR = 1.0 (right). Evolutionary stable strategy (ESS) attractors are depicted by filled circles; unstable rest points are shown
as open circles. The dashed line marks the boundary between the basins of attraction. Gains are visualized as a colored
gradient where regions of high payoff are drawn in bright yellow and low returns in dark red.

Results. The replicator dynamics for the three-strategy game can be best visualized by a 2-simplex,
this allows us to graphically and analytically study the dynamics of the game. Figure 11 shows the
three dimensional strategy space projected on a equilateral triangle (2-simplex); the dimensionality
is reduced by one as the state π of the system is a probability vector.

Trajectories show the evolution of strategies according to the replicator equations: an equilibrium
to which trajectories converge is known as an attractor; rest points that show diverging trajectories
are called repellers; rest points with some trajectories approaching and others diverging are named
saddle points. The strategy space that is consumed by an attractor is called the basin of attraction.

The game has two evolutionary stable attractors corresponding to the pure strategy profiles RF
and QF. The Nash Equilibrium mixing between RF and PF is a repeller, while the mixed equilibrium
between RF and QF is a saddle point. PF is a saddle point as well; the trajectory from the mixed
Nash Equilibrium between RF and PF converges to PF and PF itself is clearly dominated by QF. The
basin of attraction of the QF attractor consumes by far more strategy space than the RF attractor.
This result does not come as a surprise as we see a Stag Hunt game between QF and RF with QF
yielding higher payoffs. While PF is Pareto efficient, it is dominated by QF.

For games with inequity averse responders, the basin of the RF-equilibrium increases, as shown
in Figure 12. If α is increased to 1, the mixed equilibrium between RF and PF disappears and PF be-
comes a repeller. Even with inequity aversion QF still performs strong agains RF while dominating
PF.

7.2. Adaptive repeated play
Evolutionary game theory and in particular the replicator dynamics have been shown to be closely
linked to learning in a multi-agent setting. In particular, Börgers and Sarin [1997] derive a formal
relation between multi-agent reinforcement learning and the replicator dynamics. This connection
between replicators and reinforcement learning has been extended to different reinforcement learn-
ing algorithms such as learning automata and Q-learning [Tuyls et al. 2003].

We now show that our methodology can be used to capture the complex interactions of a vast
combinatorial space of atomic actions by a reduced metastrategy space that allows us to deploy
reinforcement learning agents, i.e., learning automata, in the game of Colored Trails.

Learning Automata. The study of learning automata began in the 1960’s in the area of mathe-
matical psychology with the work of Tsetlin [1962]. The initial purpose was to model empirical
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(a) Uniform distribution.
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(b) Preference for QF.
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(c) Preference for RF.
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(d) Preference for PF.

Fig. 13. Learning traces for FALA (with learning rate α = 0.1) traces in the CT game starting from different initial
conditions.

observations of learning behavior. Nowadays, learning automata are mostly applied as adaptive de-
cision making units in the engineering domain and recently also studied as a basis for multi-agent
reinforcement learning [Nowé et al. 2006].

The class of finite action-set learning automata (FALA) considers only automata that optimize
their policies over a finite action-set A = {1, . . . , k} with k some finite integer. One optimization
step, called epoch from here on, is divided into two steps: action selection and policy update. At
the beginning of an epoch t the automaton draws a random action a(t) according to the probability
distribution π(t), called policy. Based on the action a(t) the environment responds with a reinforce-
ment signal τ(t), called reward. Hereafter the automaton uses the reward τ(t) to update π(t) to the
new policy π(t+ 1). The update rule for the linear reward-inaction FALA is given below.

If i = a(t) then

πi(t+ 1) = πi(t) + ατ (t) (1− πi(t))

otherwise

πi(t+ 1) = πi(t)− ατ (t)πi(t)

(10)

where α ∈ [0, 1] denotes the learning rate.
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Responder

Proposer 1 Proposer 2

Coordination Game
(Prisoners’ Dilemma / Stag Hunt)

Ultimatum GameUltimatum Game

Fig. 14. Decomposing the three-player negotiation variant of the Colored Trails Game.

Results. Figure 13 shows learning traces for two learning automata playing 500 CT game instances
starting from different initial conditions. If both proposers start with a uniform probability distribu-
tion π1 = π2 = ( 13 ,

1
3 ,

1
3 ) the strategy profiles will converge to purely playing QF, see Figure 13(a).

This corresponds to a trajectory starting at the mid-point of the simplex in Figure 11. If both players
deploy a learning automata with a policy that is initialized with a strong preference for QF, the au-
tomata quickly converge to the pure QF equilibrium. Figure 13(b) shows a learning trace for initial
policies π1 = π2 = (.1, .9, .1), i.e. both players initially play QF with 90% probability. Correspond-
ingly, if players start with a preference for RF, strategies quickly converge to the RF equilibrium.
as shown in Figure 13(c). If the policies are initialized with a strong preference on PF the conver-
gence process takes longer but will eventually be driven away from the Pareto efficient solution, see
Figure 13(d).

8. DISCUSSION
The previous sections have shown how CT games can be decomposed into a set of multiple normal-
form games that are characterized by social dilemmas (i.e., Prisoners’ Dilemma, Stag Hunt and
Ultimatum games), as visualized in Figure 14, using a number of metastrategies defined on the chip
exchange proposals in the game.
We show that the metastrategy that favors the responder (RF) is always an equilibrium and ESS
in the reduced normal form game, regardless of the number of metastrategies. This is because the
responder has an advantage in the CT setting we consider, in that no player receives a gain if it
does not accept an offer. An empirical analysis of a large set of game instances illustrates that, in
expectation, two metastrategies yield two equilibria, reducing it to a Stag Hunt game. We may also
find game instances that are Prisoners’ Dilemmas, i.e., with only the equilibrium that favors the
responder. Using three metastrategies in the same set of game instances also yields two equilibria
(both ESS), namely those two metastrategies that are most favorable for the responder (QF and RF).

Adding social factors to the responder allows this player to enforce a higher payoff—essentially,
the proposers are driven to defection in the Stag Hunt or Prisoners’ Dilemma game they play, be-
cause the responder is better at exploiting the proposer competition in the Ultimatum game compo-
nent. This increased power for the responder may be countered by introducing multiple responders,
as in an Ultimatum game with responder competition [Grosskopf 2003].

As noted, our analysis of a single game instance assumes that responders are indifferent between
the gains from the two proposals resulting from any pair of metastrategies, i.e., for the metastrategies
PFP1 and PFP2, we have that GR(PFP1) = GR(PFP2) (and similar for QF and RF). If this
condition does not hold, the responder will favor one of the metastrategy proposals over the other,
which means the actual game instance does not reduce to a Stag Hunt or Prisoners’ Dilemma. We
observed that approximately 25% of the 10K games we generated (and that met our three criteria)
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were actually games in which the responder is indifferent between metastrategy pairs. Of these
25%, approximately one-fifth are Prisoners’ Dilemmas, and four-fifth are Stag Hunts. The remaining
games (i.e., 75%) were not symmetrical, meaning that one proposer has a strategic advantage over
the other proposer. Even though our symmetry assumption thus does not hold for a majority of
generated game instances, our empirical results show that, even for games in which the assumption
does not hold, the expected gains to proposers from playing metastrategies do in fact correspond to
Stag Hunt and Prisoners’ Dilemma games.

In case a certain experiment requires all games to be Stag Hunts or Prisoners’ Dilemmas (i.e.,
not only in expectation), the assumption of responder indifference can be enforced during game
generation. We note that, for the case in which responders are assumed to be rational, we do not need
to make assumptions about the gains to proposers from pairs of metastrategies (a rational responder
does not consider those gains), while for inequity-averse responders, the gains to proposers for
every metastrategy pair must also be equal, i.e., GP1(PFP1) = GP2(PFP2) (and similar for QF
and RF). The evolutionary game-theoretic analysis of the three-strategy game as well as results from
adaptive repeated play correspond with the analytical findings in Section 4 and agree with our claim
that metastrategies allow us to decompose the CT game into bilateral social dilemmas.

There are several limitations of our approach, some of which constitute interesting suggestions
for future work. First, metastrategies are heuristics that reduce the space of possible strategies by
making assumptions about how agents play the game, namely that their strategies lie on the Pareto
front. Thus, we do not provide a solution for the original game, but rather for an induced game in
which agents play according to key points on the convex hull of the strategy space. In the context
of the CT example these strategies corresponded to the proposer and responder focus (RF and PF)
strategies. Thus by design, metastrategies capture an important strategic component of the game.
However, the induced game remains an abstraction. Solving the original games remains a substantial
computational challenge due to the high dimensional strategy space.

Second, we evaluated the empirical approach using a single family of games including two pro-
posers and one responder. The generalizations discussed in Section 5 show promise to extend this
scope, as well as using other empirical frameworks that support multi-agent negotiation, like the
Genius framework [Lin et al. 2014]. These generalizations included an arbitrary number of meta-
strategies as well as the generalization to multiple players. We discussed the metastrategy model
for these more general cases, but did not address the computational challenges that arise. For ex-
ample, using arbitrary number of metastrategies increases the number of possible equilibria, and
makes their computation significantly more challenging. While the 1-proposer m-responders and
the n-proposers 1-responder cases can be defined formally, there are a number of open questions
regarding the formulation of metastrategies for n-proposers m-responders that we did not address in
this paper. Lastly, an extensive study with human subjects is a very interesting direction for future
research.
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