
 

 

 University of Groningen

If you know what I mean
de Weerd, Hermanes Albertus

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2015

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
de Weerd, H. A. (2015). If you know what I mean: agent-based models for understanding the function of
higher-order theory of mind. [Thesis fully internal (DIV), University of Groningen]. University of Groningen.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 25-05-2023

https://research.rug.nl/en/publications/89cd982a-cb7e-4384-a346-0a1d355077cf


C
hapter

5

CHAPTER5
The adaptive advantage of

reasoning about other minds when
competition and cooperation are mixed

Abstract

In social interactions, people often reason about the beliefs, goals and inten-
tions of others. This theory of mind allows them to interpret the behavior
of others, and predict how they will behave in the future. People can also
use this ability recursively: they use higher-order theory of mind to reason
about the theory of mind abilities of others. In this paper, we investigate
whether exposure to mixed-motive situations, which involve both cooper-
ative and competitive elements, can explain the emergence of higher-order
theory of mind abilities. We focus on repeated one-shot negotiations within
the setting of the Colored Trails game, and determine to what extent higher
orders of theory of mind can help computational agents to reach better out-
comes.

Simulation results show that agents benefit from the ability to reason
explicitly about mental states across a number of different agent specifica-
tions. Both first-order and second-order theory of mind agents outperform
agents that are more limited in their theory of mind abilities. Moreover,
the presence of such agents also benefits social welfare. However, agents
did not obtain additional benefit from the ability to make use of third-order
theory of mind. Surprisingly, in contrast to findings in strictly competitive
settings, we find that in negotiations, agents do benefit from fourth-order
theory of mind without affecting social welfare.

This chapter has been submitted for review at a journal. Parts of this chapter have previously
been published in Advances in Social Simulation, Proceedings of the 9th Conference of the
European Social Simulation Association (2014).
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114 5.1. Introduction

5.1 Introduction

When engaging in social interaction, people often rely on their ability to reason
about what others know and believe. This theory of mind (Premack & Woodruff,
1978) helps people to understand why others behave the way that they do, to
predict their future behavior, as well as to distinguish between intentional and
accidental behavior. People also have the ability to use this theory of mind ability
recursively, by reasoning about the theory of mind of others. Second-order theory
of mind allows people to form nested beliefs such as “Alice believes that Bob does
not know that Carol is throwing him a surprise party”, and use these beliefs to
predict that Alice will most likely avoid talking about the surprise party while
Bob is around. In this paper, we make use of agent-based computational models
to explain why our ability to reason about mental content of others may have
evolved.

Empirical studies show that human participants can make use of higher-order
(i.e. at least second-order) theory of mind, both in tasks that require explicit rea-
soning about second-order belief attributions (Apperly, 2010; Perner & Wimmer,
1985), as well as in strategic games (Hedden & Zhang, 2002; Meijering et al., 2011,
2014; Qu, Doshi, & Goodie, 2012; Goodie, Doshi, & Young, 2012; Zhang, Hedden,
& Chia, 2012; De Weerd, Broers, & Verbrugge, 2015). However, there are limits
to the depth of recursive theory of mind reasoning that people use (Ohtsubo &
Rapoport, 2006; Keysar et al., 2003). In particular, people are unable to explic-
itly use the infinite recursion needed to achieve common knowledge (Gintis, 2009;
Verbrugge, 2009). Additionally, to what extent non-human species are able to use
theory of mind of any kind is unknown. Although there are non-human species
that exhibit behavior consistent with theory of mind reasoning, critics point out
that such behavior could be the result of associative learning (Clayton et al., 2007;
Penn & Povinelli, 2007; Tomasello, 2009; Van der Vaart et al., 2012). Although
there may be non-human species that can reason about beliefs, goals, or desires
of others, humans appear to be the only species capable of reasoning at theory of
mind orders beyond the first.

5.1.1 Three hypotheses for the emergence
of higher-order theory of mind

According to the social brain hypothesis (Dunbar, 1998a,b), the complexity of
social life requires social animals to develop larger brains and more complex be-
havioral strategies, including higher-order theory of mind. A number of special-
izations of the social brain hypothesis attempt to explain why the ability to make
use of higher-order theory of mind has emerged for humans and not for other
species of animals. These hypotheses point to specific settings as the source of
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the social complexity in which the ability to reason about the theory of mind
abilities of others provides individuals with significant advantages over those that
rely purely on associative learning techniques. Such an advantage could provide
a selective pressure on individuals that supports the emergence of higher-order
theory of mind, despite its cognitive demands. In this section, we describe three
such hypotheses.

According to theMachiavellian intelligence hypothesis (Byrne &Whiten, 1988;
Whiten & Byrne, 1997), the main driving force behind the emergence of social
cognition, including theory of mind, is the individual’s ability for deception and
social manipulation. The idea behind the Machiavellian intelligence hypothesis
is that higher orders of theory of mind allow agents to deceive and manipulate
others with higher efficiency in a competitive setting.

Agent-based research into the emergence of higher-order theory of mind has
shown some support for the Machiavellian intelligence hypothesis. There are fixed-
sum games in which agents benefit greatly from the ability to make use of first-
order and second-order theory of mind, while the additional advantage for deeper
recursion to third-order theory of mind was found to be limited (De Weerd et
al., 2013b). Experimental evidence furthermore suggests that human participants
may make use of higher-order theory of mind in competitive games (Goodie et
al., 2012; De Weerd, Verbrugge, & Verheij, 2014b). However, agent-based models
also show that apparently deceptive behavior could be achieved without theory
of mind. For example, primates (Byrne & Whiten, 1992) and corvids (Bugnyar
& Kotrschal, 2002) engage in behavior that can be described as being deceptive,
such as hiding food from dominant group members. Agent models show that
such behavior could be achieved through other means than theory of mind or
be influenced by factors such as memory and stress (Van der Vaart et al., 2012;
Van der Vaart & Hemelrijk, 2014).

Although reasoning using higher-order theory of mind can provide individuals
with competitive advantages, it is unlikely that this constitutes the main driv-
ing force behind the emergence of higher-order theory of mind. Compared to
other species of animals, humans are considered to be a cooperative rather than
a competitive species. If higher-order theory of mind is especially advantageous
in competitive settings, species that are more competitive than humans, such as
chimpanzees, are expected to use higher orders of theory of mind as well.

The Vygotskian intelligence hypothesis (Vygotsky, 1978; Moll & Tomasello,
2007) offers a second possible explanation for the emergence of higher-order the-
ory of mind. Rather than a competitive advantage, theory of mind may facili-
tate social cooperation in the form of culture, collaboration, communication, and
teaching. For example, higher-order theory of mind allows for individuals to form
a shared intentionality, in which cooperators that are involved in the same social
task share their commitment to the goal of a task and coordinate their actions
under the assumption that others are committed to that goal as well. The fa-
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cilitative effect of theory of mind on social cooperation may explain the human
capacity to engage in cooperation (Nowak, 2006; Tomasello, 2009; Gintis, 2009;
Bowles & Gintis, 2011).

Although agent-based simulations have shown that agents can indeed bene-
fit from the use of higher-order theory of mind to establish communication in a
cooperative task (De Weerd, Verbrugge, & Verheij, 2015), there is no indication
that theory of mind is beneficial once cooperation has been established. That
is, higher-order theory of mind may help agents to find a cooperative solution
to a task, but once such a cooperative solution has been found, theory of mind
is unlikely to provide any additional cooperative advantages. Agent-based sim-
ulations suggest that in a variety of scenarios, cooperation can emerge and be
maintained using simple mechanisms such as imitation and punishment, with-
out the need for shared intentionality (Brafman & Tennenholtz, 2003; De Jong,
Uyttendaele, & Tuyls, 2008; De Weerd & Verbrugge, 2011; Van der Post et al.,
2013, 2015). Moreover, even complex cooperative activities such as cooperative
hunting in chimpanzees can be explained without relying on theory of mind rea-
soning (Tomasello & Call, 1997; Tomasello et al., 2005). Although individual
participants of the hunt take on different and complementary roles, an individual
chimpanzee may simply perform the action that would maximize its own expected
outcome rather than taking into account the roles, intentions, or beliefs of oth-
ers. This suggests that in cooperative settings, the advantages of reasoning at
higher orders of theory of mind over reasoning using less cognitively demanding
techniques such as associative learning are limited.

A third hypothesis for the emergence of higher-order theory of mind is the
mixed-motive interactions hypothesis (Verbrugge, 2009). Mixed-motive interac-
tions involve both cooperative and competitive elements, such as in negotiations
Higher-order theory of mind may be needed for mixed-motive interactions. Indi-
viduals that interact in a mixed-motive situation engage in cooperation by search-
ing for outcomes that are mutually beneficial. At the same time, individuals com-
pete with each other to benefit as much as possible from the interaction. This
process can be understood as the task of sharing a pie (Raiffa et al., 2002). Indi-
viduals cooperate to find ways to enlarge the pie they are sharing, while they also
compete to obtain as large a piece of pie as possible for themselves. Theory of
mind allows individuals to reason explicitly about the goals and beliefs of others.
This ability may be crucial for an individual to balance cooperative and compet-
itive goals in order to successfully negotiate a larger pie to share, which includes
a larger piece of pie for the individual himself.

5.1.2 Contribution and structure of this paper

In this paper, we investigate the mixed-motive interactions hypothesis as an ex-
planation for the emergence of higher-order theory of mind. We have selected
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to study mixed-motive interactions through the influential Colored Trails setting,
introduced by Grosz, Kraus and colleagues (Lin et al., 2008; Gal, Grosz, Kraus,
Pfeffer, & Shieber, 2010; De Jong, Hennes, Tuyls, & Gal, 2011; Van Wissen, Gal,
Kamphorst, & Dignum, 2012).1 Colored Trails is a prototypical multi-issue bar-
gaining situation, and provides a useful test-bed to study how different aspects of
mixed-motive settings change the interactions among agents. The details of our
particular Colored Trails setup are described in Section 5.2.

To determine whether the use of higher orders of theory of mind presents
agents with an advantage over individuals without such abilities, we perform ex-
periments in the form of simulations in which computational agents of various
orders of theory of mind negotiate among one another.2 Section 5.3 describes
our computational agents and the intuition behind the decision process of these
agents in the Colored Trails setting, while Section 5.4 presents the complete formal
model of our agents, including the mathematical description of zero-order, first-
order, and higher-order theory of mind agents. The results of our agent-based
simulation experiments are presented in Section 5.5. In this section, we analyze
the simulation results to show how the theory of mind abilities of individual agents
influences both competitive as well as the cooperative success of agents.

In our agent model, the zero-order theory of mind model is meant to capture
the behavior of intelligent agents that are unable to reason about unobservable
mental content of others. For this reason, we account for the ability of zero-order
agents to learn and adapt their behavior in reaction to the observed actions of
others. As a result, our agents have a kind of associative learning. However, there
are alternative ways to implement such learning. In Section 5.6, we take a closer
look at how the agents’ ability to learn or not — without resorting to theory
of mind — influences our simulation results. Our agent model is not the only
possible approach to modeling theory of mind. In Section 5.7, we relate our agent
model to alternative models of iterated reasoning and theory of mind available in
the literature. Finally, Section 5.8 provides discussion and suggests directions for
future research.

5.2 Game setting

To determine the effectiveness of higher orders of theory of mind in negotiations,
we compare performance of computational agents in the setting of a particular
negotiation game known as Colored Trails. Colored Trails is a board game de-
signed as a research test-bed for investigating decision-making in groups of people
and computer agents (Lin et al., 2008; Gal et al., 2010; De Jong et al., 2011; Van

1Also see http://coloredtrails.atlassian.net/wiki/display/coloredtrailshome/.
2This research represents a significant extension to our previous conference contribution (De

Weerd et al., 2014a).

http://coloredtrails.atlassian.net/wiki/display/coloredtrailshome/
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Figure 5.1: Colored Trails is played on a 5 by 5 board. Players are initially placed on the black
tile, and aim to approach their goal tile as closely as possible. To follow the black path from
the initial tile to goal location G, a player would have to hand in two white chips and two gray
chips.

Wissen et al., 2012). The game is played by two or more players on a board
of colored tiles. Each player starts the game at a given initial tile with a set of
colored chips. The colors of the chips match those of the tiles of the board. Each
player also has a goal location, and the performance of a player is determined by
how closely he approaches this goal location. Players can move from their current
tile to an adjacent tile by handing in a chip of the same color as the destination
tile. Figure 5.1 shows an example of a Colored Trails board along with a possible
path across the board. In this case, a player that wants to follow the black path
from the central black tile to the gray tile marked G would have to hand in two
white chips and two gray chips.

Players are also allowed to trade chips with one another to obtain the chips
they need to move closer to their goal. This type of trading in the Colored Trails
setting represents a multi-issue bargaining situation (Raiffa et al., 2002; Fisher &
Ury, 1981; Fatima, Wooldridge, & Jennings, 2004; Jennings et al., 2001), in which
every color represents a different issue or task to overcome. Different paths from
the initial location to the goal location on the board represent different ways of
achieving the same goal, while each chip represents the means to complete a task
or resolve an issue.

In Colored Trails, players are scored based on how close they end up to their
goal location. Similar to the scoring in (Gal et al., 2010), we award 50 points to
each player that reaches his goal tile. If a player is unable to reach his goal tile,
he pays a penalty of 10 points for each tile in the shortest path from his current
location to his goal location. In addition to reaching the goal location, a player
can increase his score by owning chips. Chips that have not been used to move on
the board increase the score of their owner by 5 points each. Reaching the goal
location is therefore the most valuable, but players have an incentive to compete
over control of unused chips as well. However, Colored Trails is not a purely
competitive setting. Since a player may need a different set of chips to achieve
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Figure 5.2: In our setup, Colored Trails is played by three agents. These agents are initially
located at the tile marked S at the center of the board, and are randomly assigned goal locations.
In this example, agents a, c, and r have goal locations la, lc, and lr respectively.

his goal than his trading partner, there may be an opportunity for a cooperative
trade, which allows both players to obtain a higher score.

The Colored Trails game we consider is played by three agents: the allocator,
the responder, and the competitor. For clarity, we will refer to the allocator and
the competitor as if they were male, while we will refer to responders as if they
were female. Groups of agents play repeated one-shot negotiation games on a 5
by 5 board such as the one depicted in Figure 5.1. Each tile is randomly assigned
one of five possible colors. Each player starts at the center of the board, indicated
by the black square in Figure 5.1, and is randomly assigned one of the 12 possible
goal locations that are at least three steps away from the center, indicated by gray
tiles in Figure 5.1.

At the start of each game, each agent receives four colored chips, randomly
drawn from the same five colors as those on the board. Figure 5.2 shows an
example of a Colored Trails game. In this game, agent c has received an initial
set of chips that consists of two black chips and two gray chips. Although agent
c cannot use these chips to reach goal location lc, there is an opportunity for a
mutually beneficial trade with agent r.

Negotiation over ownership of the chips takes the form of a one-shot bargaining
game. At the start of each game, the allocator and the competitor simultaneously
choose an offer to make to the responder. In their respective offers, the allocator
and competitor suggest the trade of any subset of their own initial set of chips
against any subset of the responder’s initial set of chips. Once both allocator and
competitor have selected their offers, the offers are revealed to all players.

The responder then decides how to respond. If both allocator and competitor
have made an offer that would reduce her score, the responder rejects all offers, and
the initial distribution of chips becomes final. Otherwise, the responder accepts
the offer that would yield her the highest score. If the responder is indifferent
between the offers of the allocator and the competitor in the sense that both offers
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would yield her the same score, she chooses to accept one of them at random. The
game ends after the responder has made her decision.

In our Colored Trails setting, the responder and competitor represent two dif-
ferent aspects of mixed-motive settings. The responder represents the cooperative
aspect of negotiations, since an allocator’s offer will only be acceptable if it in-
creases the size of the pie, by increasing both his own score as well as the score
of the responder. The competitor, on the other hand, represents the competitive
side of negotiations. To convince the responder to choose his offer over the one
made by the competitor, the allocator should offer the responder a piece of the
pie that is at least as large as the piece offered by the competitor. Through com-
petition with the competitor, the allocator may therefore choose to make an offer
that includes a smaller piece of the pie for himself.

Although there are competitive elements in our Colored Trails setting, it is not
a strictly competitive game. In this paper, we investigate whether the presence of
a cooperative aspect influences the effectiveness of reasoning at higher orders of
theory of mind as observed in competitive games (De Weerd et al., 2013b). This
is formulated as research question Q1.

Question Q1: Does an agent experience diminishing returns to higher orders
of theory of mind in mixed-motive situations, similar to those observed in
strictly competitive settings? That is, does an agent benefit greatly from
first-order and second-order theory of mind, while the additional advan-
tage for deeper recursion to higher orders of theory of mind is increasingly
limited?

More specifically, with question Q1 we investigate whether an allocator in our
Colored Trails setting benefits greatly from the use of first-order and second-
order theory of mind, while deeper recursion to even higher orders of theory of
mind have increasingly smaller benefits.

Our previous agent-based simulations in cooperative settings suggest that the-
ory of mind can help agents to find a cooperative solution to a task, but that once
such a solution has been found, theory of mind is not needed to encourage its use
(De Weerd, Verbrugge, & Verheij, 2015). However, the mixed-motive interactions
hypothesis suggests that when cooperation and competition are mixed, agents may
need theory of mind to balance cooperative and competitive goals. We therefore
also investigate whether reasoning using higher-order theory of mind affects the
total size of the pie that agents negotiate, as is expressed in research question Q2.

Question Q2: Does social welfare, measured as the sum of the scores over all
agents in a mixed-motive setting, increase significantly with increasingly
higher orders of theory of mind of the agents?
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In our Colored Trails setting, social welfare is measured as the sum of the scores of
the allocator, the competitor, and the responder. With questionQ2, we investigate
whether increasingly higher orders of theory of mind of either the allocator or his
competitor increase social welfare.

5.3 Theory of mind in Colored Trails

In this section, we describe the intuition behind the way agents can make use of
theory of mind to play Colored Trails. In our setting, the responder always chooses
the option that will yield her the highest possible score. That is, the responder
is not making use of theory of mind. In this section, we therefore describe the
theory of mind used by the allocator and the competitor. These agents make use
of simulation-theory of mind (Davies, 1994; Nichols & Stich, 2003; Hurley, 2008)
to reason about the mental content of others. Using simulation-theory of mind,
an allocator can take the perspective of the competitor, and determine what his
own decision would have been if the allocator had been in the position of this
player. Using the implicit assumption that the thought process of the competitor
can be accurately modeled by his own thought process, the allocator then predicts
that the competitor will make the same decision the allocator would have made
himself if the roles had been reversed.

In the following subsections, we describe how this process of perspective-taking
results in different behavior for agents of different orders of theory of mind playing
Colored Trails. We describe this process from the perspective of the allocator.
However, the way competitors use theory of mind is completely analogous. The
formal description of these theory of mind agents is presented in Section 5.4. In
the remainder, we will speak of a ToMk allocator to indicate an allocator that
has the ability to use theory of mind up to and including the k-th order, but not
beyond. We use the convention that we refer to responders as if they were female
and to allocators as if they were male.

5.3.1 Zero-order theory of mind allocator

By convention, a zero-order theory of mind (ToM0) allocator is unable to attribute
mental content to others. In particular, the ToM0 allocator is unable to represent
that the competitor and the responder want to reach their respective goal loca-
tions, and that the behavior of other agents is consistent with their goals. Instead,
the ToM0 allocator makes use of an associative learning strategy by constructing
zero-order beliefs about the likelihood that a certain offer will be accepted by the
responder. The ToM0 allocator bases his zero-order beliefs on his observations
of the behavior of the responder. For example, through repeated interaction, the
ToM0 allocator will learn that the responder never accepts an offer that assigns
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all chips to the allocator himself, and no chips to the responder. Similarly, the
ToM0 allocator’s beliefs will eventually reflect that the responder is more likely to
accept offers that assign many chips to her and few to the ToM0 allocator, while
she is less likely to accept an offer that assigns few chips to the responder and
many to the ToM0 allocator.

Using these zero-order beliefs, the ToM0 allocator can form an expectation
about how his score will change if he were to make a particular offer, and select to
make the offer that he assigns the highest expected value. This allows the ToM0

allocator to play the Colored Trails setting without attributing mental content
to others. In particular, although the zero-order beliefs of the ToM0 allocator
will eventually reflect that other players have a desire for owning chips, the ToM0

allocator does not explicitly represent such a desire. Similarly, since the behavior
of the responder is determined in part by the offers made by the competitor, the
zero-order beliefs of a ToM0 allocator will eventually reflect information about the
behavior of the competitor, even though the ToM0 allocator does not make any
explicit predictions about his behavior.

5.3.2 First-order theory of mind allocator

In addition to the associative learning strategy of the ToM0 allocator, a first-order
theory of mind (ToM1) allocator considers the possibility that other agents have
beliefs and goals as well, which determine their behavior. Because of this, a ToM1

allocator realizes that in order to get a large piece of pie for himself, his offer
should include a large piece of pie for the responder as well. The ToM1 allocator
is able to consider the game from the perspective of other players, and decide how
he would act if he were a ToM0 agent in the position of that player. This allows
the ToM1 allocator to make a prediction about the offer that the competitor is
going to make, as well as how the responder will choose. The ToM1 allocator uses
these predictions to decide the offer he should make himself. For example, if a
ToM1 allocator believes that the competitor is going to make an offer that would
increase the score of the responder by 15 points, he also believes that if he were
to make an offer that would increase the score of the responder by 20 himself, the
responder would certainly choose his offer over the offer made by the competitor.

First-order theory of mind provides an allocator with a convenient general-
ization over different games. Even if the ToM1 allocator finds himself in a novel
situation, first-order theory of mind allows the allocator to predict the behavior
of other agents. However, although the ToM1 allocator is able to consider other
players as ToM0 agents, the ToM1 allocator does not know the extent of the the-
ory of mind abilities of others with certainty. Through repeated interactions, the
ToM1 allocator may learn that his first-order beliefs do not accurately model the
behavior of other agents. If this happens, the ToM1 allocator may choose to play
as if he were a ToM0 allocator and rely on associative learning instead.
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5.3.3 Higher orders of theory of mind agent

Allocators that are able to use orders of theory of mind beyond the first order
consider the possibility that other agents take into account that others have beliefs
and goals as well. Although responders in our setting do not make use of theory
of mind, a higher-order theory of mind allocator can benefit from considering the
theory of mind abilities of his competitor. For example, while a ToM1 allocator
believes that the competitor only makes use of zero-order beliefs when making
an offer, a ToM2 allocator considers the possibility that the competitor takes the
beliefs and goals of other agents into consideration as well, i.e. that the competitor
is a ToM1 agent.

More generally, for each additional order of theory of mind k, a ToMk allocator
models the competitor as a ToMk−1 agent. In our setup, a ToMk agent is therefore
limited in the maximum depth of recursive beliefs he can reason with. This means
that, in contrast to what is typically assumed of agents in game-theoretic models
(Gintis, 2009; Verbrugge, 2009), our ToMk agents are unable to achieve common
knowledge of rationality.

Note that if the competitor reasons at (k− 1)st-order theory of mind, the op-
timal response of the allocator is to reason at kth-order theory of mind. However,
reasoning at kth-order theory of mind may not be optimal when the competitor
reasons at any order of theory of mind lower than k − 1. In this case, the perfor-
mance of the ToMk allocator may suffer due to overestimation of the competitor.
Agents in our setup do not know the extent of the theory of mind abilities of their
competitor. Instead, a ToMk agent forms a hypothesis about the order of theory
of mind at which the competitor is currently reasoning by matching the observed
behavior of the competitor to behavior predicted by the allocator’s theory of mind.

5.4 Mathematical model of theory of mind

In the previous section, we presented the intuition behind theory of mind agents
negotiating in a Colored Trails setting using simulation-theory of mind. In this
section, we discuss the implementation of computational agents that play accord-
ing to this intuition. The agents described in this section are inspired by the theory
of mind agents used in (De Weerd et al., 2013b) to investigate the effectiveness
of theory of mind in competitive settings. However, those agents played the same
competitive game repeatedly, while agents in our current setup face a different
Colored Trails game each round. For this reason, we extend the agent model to
allow agents to generalize their beliefs over different Colored Trails games.

In our representation, a Colored Trails game is a tuple CT = 〈N ,D, π〉, where:

• N = {a, c, r} is the set of agents, where a is the allocator, c is the competitor,
and r is the responder;
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• D is the set of possible distributions of chips; and

• π = (πa, πc, πr) is the set of score functions πa, πc, πr : D → R for allocator
a, competitor c, and responder r respectively.

This representation focuses on the negotiation aspect of the game, and ignores the
task of finding routes between locations. Instead, the score functions πi specify
the maximum score agent i can achieve given some distribution of chips and given
the scoring rules outlined in Section 5.2. We assume that agents make no mistakes
in finding routes between locations and that agents do not consider the possibility
that mistakes could be made in finding these routes. However, agents do not have
common knowledge about the rules of the game. Rather, agents follow the rules
of the game and do not consider the possibility that others would break those
rules.

Without loss of generality, we assume that the score of each agent in the
initial distribution is zero. That is, πi(D) denotes the change in score of agent i
if the distribution D ∈ D becomes final. An allocator can make any offer that
involves the chips in his own initial set of chips and the initial set of chips of the
responder, but leaves the set of chips assigned to the competitor unchanged. We
denote Di ⊆ D as those offers that agent i is allowed to make.

5.4.1 Model of zero-order theory of mind

The ToM0 allocator does not form explicit beliefs about the mental content of
others. Instead, a ToM0 allocator constructs zero-order beliefs b(0) : D → [0, 1],
which show that the ToM0 allocator believes that the probability that a given
offer O ∈ D will be accepted by the responder is b(0)(O). Over repeated games, a
ToM0 allocator updates these zero-order beliefs to learn which offers O are more
likely to be accepted than others.

Without a theory of mind to guide the allocator, the main challenge for the
ToM0 allocator is to find out what factors determine whether the responder will
accept or reject a given offer. Since there are many different possible boards
and initial sets of chips, it is unlikely that an agent will encounter the exact
same game twice over the course of our experiment. In order to be able to use
previous observations of the responder’s behavior to determine the likelihood that
the responder will accept a given offer O ∈ D in a new game situation, the ToM0

allocator therefore needs to generalize across games.
In our setting, the ToM0 allocator classifies offers by the number of chips

that are transferred from the allocator to the responder, and the number of chips
that are transferred from the responder to the allocator. This allows agents to
distinguish between an offer that trades one red chip for one blue chip and an offer
that trades two red chips for two blue chips, but not between an offer that trades
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one red chip for one blue chip and an offer that trades one green chip for one
yellow chip. Note that since agents in our setting own an initial set of four chips,
this generalization causes the ToM0 allocator to distinguish 25 classes of offers.
A separate pilot study indicated that this simple heuristic allowed allocators to
make mutually beneficial offers after a short learning period. In Section 5.6, we
consider several alternative ToM0 agent models and determine their effect on our
results.

Given the ToM0 allocator’s zero-order beliefs b(0), the ToM0 allocator can
calculate the expected change in score as a result of making a given offer O
through

EV 0
a (O; b(0)) = b(0)(O) · πa(O). (5.1)

The ToM0 allocator then chooses to make an offer that maximizes this expected
value. We define the set D0

a(b
(0)) ⊆ Da to specify which offers the ToM0 allocator

a believes to maximize his expected value, based on his zero-order beliefs b(0).
That is,

D0
a(b

(0)) =

{
O ∈ Da

∣∣∣∣EV 0
a (O; b(0)) = max

O′∈Da

EV 0
a (O′; b(0))

}
. (5.2)

Since a ToM0 allocator a believes that any offer in D0
a(b

(0)) will maximize the
expected value, he randomly selects one of the offers in D0

a(b
(0)) to make to the

responder.

Example 5.1. Figure 5.3 shows an example of a Colored Trails game, in which
allocator a is a ToM0 agent that wants to move from the initial location at
the center of the board to goal location la in the top left corner. With his
initial set of chips, allocator a can only move one step closer to his goal, which
would yield him a score of 25 points. To decide which offer to make, the
ToM0 allocator calculates the expected value of making each possible offer,
and randomly makes one of the offers that maximizes the expected value.

Table 5.1 shows a number of selected offers that allocator a could make to
responder r. For each offer O, the table shows how offer O affects the score of
both allocator a and responder r, and the value of the zero-order beliefs b(0)(O)
of allocator a, which show what allocator a believes to be the probability that
responder r will accept offer O. Note that a ToM0 agent does not consider
the goal of the responder. From the perspective of ToM0 allocator a, offers
O1 and O2 are therefore indistinguishable. Both these offers allow allocator a
to move four steps to his goal location (40 points) and reach his goal location
(50 points) with one chip to spare (5 points), increasing his score from 25 to
95 points (+70 points). Furthermore, allocator a believes that the probability
that offers O1 and O2 will be accepted is the same. In contrast, although
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Figure 5.3: In Example 5.1, ToM0 allocator a competes with competitor c for the opportunity
to trade with responder r. With his initial set of chips, allocator a can only move one step
towards his goal location la, which would yield a score of 25 points.

offer O3 would yield allocator a the same increase in score as offers O1 and
O2, previous experience leads allocator a to believe that offer O3 is less likely
to be accepted by the responder as shown by the lower value of the agent’s
zero-order beliefs in Table 5.1. As a result, the expected value that allocator a
assigns to offer O3 is lower than the expected value assigned to offers O1 and
O2.

Note that ToM0 allocator a is allowed to ask the responder to give him all
her chips. Although this offer has the potential to increase the score of allo-
cator a to 110 (+85 points), this offer does not appear in Table 5.1. Allocator
a does not consider making this offer because the allocator has learned that
the responder would not accept this offer through repeated interaction.

Both offer O1 and offer O2 maximize the expected value for allocator a.
The set D0

a(b
(0)) = {O1, O2} therefore contains two elements. Allocator a

randomly chooses one of these offers to make. However, although allocator a
considers offer O1 and offer O2 to be equally acceptable, Table 5.1 shows that
offer O1 would decrease the score of responder r, while offer O2 would increase
her score. That is, responder r would in fact reject offer O1, but she would
accept offer O2.

5.4.2 Model of first-order theory of mind

In contrast to the ToM0 allocator, the ToM1 allocator takes the score of responder
r into account when making his decision. In our setting, the responder simply
accepts the offer that maximizes her score. That is, the responder is fixed at a zero-
order theory of mind strategy. When a ToM1 allocator a considers making offer
O ∈ Da, the agent correctly ascribes zero-order theory of mind to the responder
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Offer Allocator a Responder r Beliefs b(0)

O1 (+70 points) (-10 points) 0.123
O2 (+70 points) (+55 points) 0.123
O3 (+70 points) (+0 points) 0.117
O4 (+65 points) (+60 points) 0.120

Table 5.1: Selected offers that ToM0 allocator a considers making to responder r in Example 5.1.
The effect of each offer on the scores of allocator a and responder r are given in parentheses.

and believes that she will not accept this offer if it would decrease her score, or
πr(O) < 0. Furthermore, the responder would not accept offer O made by the
ToM1 allocator a if competitor c makes an offer O′ ∈ Dc that would yield her
a higher score. Finally, if the offer O of the ToM1 allocator and offer O′ of the
competitor would yield the responder the same score, the responder will randomly
accept one of the two offers.

This information about the likelihood that an offer O will be accepted by the
responder is summarized in the function p. A ToM1 allocator a who predicts
that his competitor c randomly selects an offer from the set D, believes that if he
makes the offer O ∈ Da himself, this offer O will be accepted by the responder
with probability

p(O,D) =


0 if πr(O) ≤ 0
1
|D|

( ∑
O′∈D

πr(O)>πr(O′)

1 +
∑
O′∈D

πr(O)=πr(O′)

1
2

)
if πr(O) > 0 . (5.3)

Note that Equation 5.3 describes the behavior of a rational responder r. By
attributing rationality to responder r, an allocator a considers the goals of the
responder explicitly, and thus engages in first-order theory of mind.

To predict what offer competitor c will be making, ToM1 allocator a considers
the game from the perspective of the competitor. By calculating what offers
allocator a might make himself if he were facing the situation competitor c is in,
allocator a obtains a prediction of what offers competitor c may make. To do so,
the ToM1 allocator constructs first-order beliefs b(1) : D → [0, 1], which specify
what the ToM1 allocator a believes his zero-order beliefs to have been, if he had
been in the position of competitor c. Note that these beliefs do not necessarily
reflect the actual beliefs of competitor c. Rather, an agent’s first-order beliefs b(1)
represent what the agent believes to be the zero-order beliefs b(0) of his competitor.
Based on his first-order theory of mind, the expected value that ToM1 allocator
a assigns to making a given offer O ∈ D therefore is

p(O,D0
c (b

(1))) · πc(O). (5.4)
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Figure 5.4: The ToM1 allocator a in Example 5.2 does not only consider his own score, but also
considers the score of the responder r when deciding what offer to make.

Equation 5.4 represents that allocator a calculates his own optimal decision D0
c

from the perspective of competitor c. That is, allocator a determines what he
would have done if he would have been assigned the goal location and initial set
of chips assigned to competitor c.

Although Equation 5.4 describes the way a ToM1 allocator uses first-order
theory of mind, it does not fully describe the behavior of a ToM1 allocator. In
our model of theory of mind agent, we assume that agents do not know the level
of sophistication of others. A ToM1 allocator has the ability to make use of first-
order theory of mind, but such a ToM1 allocator may come to believe that his
first-order theory of mind does not accurately predict the behavior of the other
agents, and that the ToM1 allocator would be better off following his zero-order
beliefs. To this end, the ToM1 allocator has a confidence variable c1 ∈ [0, 1], which
indicates how much confidence the ToM1 allocator places on first-order theory of
mind over zero-order theory of mind. When deciding on the expected value of
making an offer O, the ToM1 allocator weights the predictions of first-order and
zero-order theory of mind accordingly.

In summary, a ToM1 allocator a calculates the expected value of making a
given offer O ∈ D through

EV 1
a (O; b(0), b(1), c1) = (1− c1) · EV 0

a (O; b(0)) + c1 · p
(
O,D0

c (b
(1))
)
· πa(O). (5.5)

Similar to the decision process of a ToM0 allocator, the ToM1 allocator a randomly
chooses to make one of the offers that maximize the expected value. The set of
these offers is given by

D1
a(b

(0), b(1), c1) =

{
O ∈ Da

∣∣∣∣EV 1
a (O; b(0), b(1), c1) = max

O′∈D
EV 1

a (O′; b(0), b(1), c1)

}
.
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Offer Allocator a Responder r

O5 (+75 points) (+55 points)
O6 (+75 points) (+55 points)
O7 (+75 points) (+55 points)
O8 (+70 points) (+60 points)
O9 (+70 points) (+60 points)
O10 (+70 points) (+60 points)

Table 5.2: Selected offers that ToM1 allocator a considers making to responder r in Example 5.2.
The effect of each offer on the scores of allocator a and responder r are given in parentheses.

Example 5.2. In this example, we consider the Colored Trails setting depicted
in Figure 5.4. Note that this setting is similar to the one in Example 5.1,
but with the roles of the allocator and the competitor switched. Hence the
board is flipped, and allocator a and competitor c have switched their initial
set of chips. This way, ToM1 allocator a attributes the reasoning outlined in
Example 1 to competitor c. That is, ToM1 allocator a can reason as outlined
in Example 1, and make a prediction about the offer competitor c is going
to make. In this example, we assume that allocator a is a ToM1 agent that
correctly believes that competitor c will randomly choose an offer from the set
D0
a(b

(1)) = {O1, O2}.
Since allocator a is a ToM1 agent, he knows that the responder will not

accept his offer O if offer O would decrease her score, or if competitor c makes
an offer that would result in a larger increase in her score. Table 5.2 shows
a summary of selected offers that allocator a can make. Each of these offers
allows both allocator a and responder r to reach their respective goal locations.

Example 5.1 shows that if competitor c is a ToM0 agent, there is a 50%
probability that he will make offer O1, which would be rejected by responder
r. However, there is also a 50% probability that competitor c will make offer
O2, which would increase the responder’s score by 55 points. If allocator a
were to make an offer that increases the score of responder r by 55 points in
this case, the responder would randomly accept either the offer of allocator a
or of competitor c. As a result, allocator a believes that if he were to make
an offer that increases the score of the responder by 55 points, there is a 25%
probability (0.5 · 0.5) that the responder will accept offer O2 of competitor c
instead of his own offer. Based purely on first-order theory of mind, allocator
a would therefore assign an expected value of (1 − 0.25) · 75 = 56.25 to each
of the offers O5, O6 and O7. On the other hand, allocator a is certain that
responder would accept any of the offers O8, O9 and O10, which allocator a
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therefore assigns an expected value of 70. These offers also maximize the
expected value according to allocator a.

Based on his first-order theory of mind, allocator a would randomly select
one of the offers O8, O9 and O10 to propose to the responder. Depending on
his confidence c1 in first-order theory of mind, allocator a may still decide to
select a different offer entirely.

5.4.3 Model of higher-order theory of mind

For increasingly higher orders of theory of mind, a ToMk allocator considers the
possibility that the competitor is increasingly more sophisticated. For example, a
ToM2 allocator a believes that the competitor c may take into consideration that
ToM2 allocator a wants to reach his goal. By placing himself in the position of
competitor c, a ToM2 allocator’s second-order theory of mind may predict different
behavior for the competitor than predicted by his first-order theory of mind. For
each additional order of theory of mind, the ToMk allocator constructs additional
beliefs b(k) and confidence ck. For example, the second-order beliefs b(2) of ToM2

allocator a specify what allocator a believes competitor c to believe to be the
zero-order beliefs of allocator a.

The expected value that a ToMk allocator a assigns to making an offer O ∈ Da
is defined recursively on the functions defined earlier, so that

EV k
a (O; b(0), . . . , b(k),c1, . . . , ck) =

(1− ck)·EV k−1
a (O; b(0), . . . , b(k−1), c1, . . . , ck−1)+

ck·p
(
O,Dk−1c (b(1), . . . , b(k), 1, 0, . . . , 0)

)
· πa(O). (5.6)

Note that in the formula above, the ToMk allocator does not attempt to model
the confidence in theory of mind c1, . . . , ck−1 of the competitor. Instead, the
ToMk allocator models a ToMk−1 competitor that decides purely on the basis of
predictions made by his (k − 1)st theory of mind. This ensures that a ToMk

allocator is always able to model a ToMk−1 competitor.
Higher orders of theory of mind do not change what the allocator predicts the

responder will do. Similar to the decision process of ToM0 and ToM1 allocators,
the ToMk allocator randomly chooses to make an offer from the set of offers that
maximize his expected value. This set of offers is given by

Dka(b(0), . . . , b(k),c1, . . . , ck) ={
O ∈ Da

∣∣∣EV k
a (O, b(0), . . . , b(k), c1, . . . , ck) =

max
O′∈D

EV k
a (O′, b(0), . . . , b(k), c1, . . . , ck)

}
. (5.7)
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5.4.4 Learning across games

Through repeated games, agents learn how to play Colored Trails by observing
which offers the competitor makes, and observing which offers the responder ac-
cepts and rejects. An agent’s zero-order beliefs b(0) are determined by a form of
fictitious play (Brown, 1951). Specifically, b(0)(O) is calculated as the observed
frequency with which offers that transfer the same number of chips from the allo-
cator to the responder as offer O and the same number of chips from the responder
to the allocator as offer O have been accepted by the responder in the past. This
observed frequency is based on the offers made by both the allocator and the
competitor. For example, if a ToM0 allocator has observed 250 offers in which
two chips were transferred to the responder and one chip to the allocator, of which
220 have been accepted by the responder, the allocator assigns a probability of
88% that the responder will accept an offer to trade two green chips owned by
the allocator against one red chip owned by the responder. In Section 5.6, we will
revisit this assumption and determine its effect on our results.

Theory of mind agents update their kth-order beliefs the same way. This
means that in our Colored Trails setup, a ToM1 agent’s zero-order beliefs b(0) are
the same as his first-order beliefs b(1). In addition, a ToM1 allocator also updates
his confidence c1 in first-order theory of mind after observing the outcome of a
game. The ToM1 allocator does so based on how accurately his first-order theory
of mind predicts the behavior of the competitor.

After every game, the ToM1 allocator observes the offer Oc made by the com-
petitor c. Following first-order theory of mind, the ToM1 allocator believes that
the competitor assigns an expected value EV 0

c (Oc; b
(1)) to making this offer. Note

that this expected value uses the agent’s first-order beliefs b(1) about the zero-
order beliefs of the competitor rather than his own zero-order beliefs b(0). More-
over, first-order theory of mind also predicts what the maximum expected value
is that the competitor assigns to any one offer. The ToM1 allocator judges the
accuracy his first-order theory of mind by comparing these two values. The closer
these values are to one another, the more accurate the prediction of first-order
theory of mind. To reflect this, the ToM1 allocator adjusts his confidence c1 in
first-order theory of mind according to

c1 = (1− λ) · c1 + λ · EV 0(Oc; b
(1))

maxO∈Dc EV
0(O; b(1))

, (5.8)

where λ ∈ [0, 1] is an agent-specific learning speed. This learning speed determines
how quickly an allocator changes his opinion about the theory of mind abilities
of the competitor.

For higher orders of theory of mind, an allocator adjusts his confidence ck in
kth-order theory of mind analogously. The general formula for the adjustment
of an allocator’s confidence ck in kth-order theory of mind after observing that
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competitor c has made offer Oc is given by

ck = (1− λ) · ck + λ · EV k−1(Oc; b
(1), . . . , b(k), 1, 0, . . . , 0)

maxO∈Dc EV
k−1(O; b(1), . . . , b(k), 1, 0, . . . , 0)

, (5.9)

where λ ∈ [0, 1] is an agent-specific learning speed. The theory of mind agents we
describe adjust their confidence in theory of mind through adaptive expectations
rather than Bayesian updating. This is because agents model the order of theory
of mind at which the competitor is reasoning while the competitor is doing the
same. That is, although a ToMk agent cannot use orders of theory of mind
beyond kth-order theory of mind, the order of theory of mind at which the agent
is reasoning at a particular moment may change over time.

5.5 Results of simulation experiments

We performed simulations in which the theory of mind agents described in the
previous section played repeated one-shot Colored Trails games. Agents played
each new game on a different board with different sets of initial chips and a
different goal location. To ensure that all agents had an incentive to negotiate to
increase their score, games in which some agent could reach his or her goal location
with the initial set of chips without any trading were excluded from analysis.

Groups consisting of an allocator agent, a competitor agent, and a responder
agent played a total of 51,000 consecutive negotiation games. At the start of the
simulation, all beliefs and confidences of the agents were set to 1. This means that
a ToM0 agent initially believes that any offer will be accepted by the responder,
including an “offer” that consists of requesting the responder’s full set of chips.
Since this initialization results in particularly poor performance for zero-order
theory of mind agents, the results from the first 1,000 games were not included
in our further analysis. Over the next 50,000 games, we recorded the average
performance of a ToMi allocator in the presence of a ToMj competitor, which
is calculated as the average difference between the allocator’s final score after
negotiation ended and his initial score at the start of negotiation. The results
are shown in Figure 5.5, Figure 5.6, and Figure 5.7, for each combination of
i, j ∈ {0, 1, 2, 3, 4}. For the simulations, the learning speed λ was set to 0.1 for
each agent. Additional simulations with different values for the learning speed
showed similar results as the ones reported here.

In the following subsections, we separately discuss the results for the compet-
itive and cooperative aspects of negotiation in Colored Trails. In Section 5.5.1,
we evaluate the competitive success of theory of mind agents by comparing the
average negotiation scores of agents directly. The cooperative success of theory
of mind agents is determined by comparing the level of social welfare that agents
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Figure 5.5: Average negotiation score of an allocator agent in the Colored Trails game. Results
are shown for different combinations of orders of theory of mind of both the allocator and the
competitor agent. Brackets indicate standard errors of the results.

achieve, where social welfare is calculated as the sum of the negotiation scores of
all three agents in the game, as discussed in Section 5.5.2.

5.5.1 Individual performance

Figure 5.5 shows the average increase in the score due to negotiation of a ToMi

allocator in the presence of a ToMj competitor. Each bar shows the average differ-
ence between the score of the allocator before negotiation and after negotiation as
a function of the theory of mind abilities of both himself and the competitor. Each
group of bars corresponds to a particular theory of mind level of the competitor.
Within each group, separate bars show the increase in score due to negotiation
that allocators of different orders of theory of mind achieve, given the order of
theory of mind of the competitor. For example, the figure shows that when the
competitor is a ToM0 agent, a ToM1 allocator would increase his score by 17.9
points on average by negotiating. Since the competitor and the allocator perform
similar roles in our setting, the score of the ToM0 competitor with a ToM1 allo-
cator can be read from the bar corresponding to a ToM0 allocator with a ToM1

competitor. That is, the ToM0 competitor increases his score by 10.7 points on
average by negotiating. Figure 5.5 indicates how an agent’s competitive success
varies with his theory of mind abilities by showing how large a piece of pie agents
of different orders of theory of mind are able to negotiate for themselves.

Although the ToM0 allocator uses little information about the game when
deciding what offer to make, Figure 5.5 shows that the ToM0 allocator is still
able to negotiate effectively. Even when his competitor is more sophisticated and
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Figure 5.6: Average negotiation score of the responder in the Colored Trails game. Results
are shown for different combinations of orders of theory of mind of both the allocator and the
competitor agent. Brackets indicate standard errors of the results.

can make use of theory of mind, the ToM0 allocator can negotiate a significant
increase in his score on average. Despite the effectiveness of the ToM0 allocator,
Figure 5.5 shows that for each group of bars, the bar of the ToM1 allocator is
higher than the bar of the ToM0 allocator. That is, ToM1 allocators obtain a
higher negotiation score than ToM0 allocators, irrespective of the theory of mind
abilities of the competitor.

Figure 5.5 also shows that the bar corresponding to the ToM2 allocator is
higher than the bar corresponding to the ToM1 allocator next to it, for each
group of bars except the first. That is, when the competitor makes use of the-
ory of mind, ToM2 allocators outperform ToM1 allocators. However, the results
show no significant differences between the performance of ToM2 allocators and
ToM3 allocators, suggesting that third-order theory of mind does not yield any
additional advantages for allocators. Interestingly, fourth-order theory of mind
can be beneficial; if the competitor has the ability to make use of second-order
theory of mind, ToM4 allocators obtain a significantly higher score than alloca-
tors of a lower order of theory of mind. Closer inspection of the offers made by
ToM4 allocators show that these agents generally made the same offers as ToM2

allocators and ToM3 allocators, except that ToM4 allocators sometimes made of-
fers that were more generous to the responder at the expense of their own score.
Although this means that the ToM4 allocator occasionally offered the responder a
larger piece of pie than necessary to get the offer accepted, it also means that the
responder was more likely to accept the offers of the ToM4 allocator than those
of the competitor.
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Although the responder simply selects the offer that is most beneficial to her,
the responder also increases her score through the negotiation process. Figure 5.6
summarizes this increase in score due to negotiation for the responder as a function
of the theory of mind abilities of both the allocator and the competitor agent. That
is, Figure 5.6 shows the average size of the pie that the responder accepts from
either the allocator or the competitor. Note that the figure shows symmetry in the
sense that the increase in score of the responder in the presence of a ToM0 allocator
and a ToM1 competitor is the same as the increase in score of the responder in
the presence of a ToM1 allocator and a ToM0 competitor.

Figure 5.6 shows that an allocator’s first-order theory of mind is beneficial to
the responder. When either the allocator or the competitor is a ToM1 agent, the
responder obtains a higher increase in score than when both of them are ToM0

agents (leftmost bar, only 13.2 points). That is, ToM1 agents make offers that are
more generous towards the responder than ToM0 agents. Similarly, when either
the allocator or the competitor is a ToM2 agent, the responder obtains a higher
increase in score than when neither of them is capable of using second-order theory
of mind. Although Figure 5.6 suggests that the responder may benefit further from
the presence of ToM3 and ToM4 agents, those results are not significant. That is,
over 50,000 games, a ToM3 agent in our setup did not have sufficient opportunity
to make offers that are more generous to the responder than those of a ToM2

agent.
Interestingly, the responder benefits more from the theory of mind abilities of

an allocator than the allocator himself does. When both allocator and competitor
are ToM0 agents, each of them increases his score through negotiation by 13.7
points on average (leftmost bar in Figure 5.5). The average increase in the score
of the responder in this case is 13.2 points (leftmost bar in Figure 5.6). When
both allocator and competitor are ToM2 agents, negotiation increases the score of
each of them by an average of 14.6 points, while the responder receives an increase
in score of 28.3 points on average. This shows that higher-order theory of mind
agents successfully negotiate a larger pie to share with the responder. However,
although the larger pie includes a larger piece of pie for the agent himself, most
of the additional pie that higher-order theory of mind agents negotiate for, ends
up with the responder.

Summing up, individual performance results of theory of mind agents show
that agents benefit from the ability to make use of first-order and second-order
theory of mind, as suggested by research question Q1, which we formulated in
Section 5.2. We find that these benefits also extend to the responder, who receives
a larger share of the pie if either the allocator or the competitor is capable of first-
order theory of mind and if either agent is capable of second-order theory of
mind. Contrary to results from strictly competitive settings (?), we do not find
any additional advantage for third-order theory of mind for either allocators or
responder. Our results do show that fourth-order theory of mind has a beneficial
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Figure 5.7: Average increase in social welfare as a result of negotiation in the Colored Trails
game. Results are shown for different combinations of orders of theory of mind of both the
allocator and the competitor. Brackets indicate standard errors of the results.

effect on the allocator’s score, while this has no significant additional effect on the
responder’s score.

5.5.2 Social welfare results

In this section, we determine how the cooperative success of agents varies with
their theory of mind abilities by looking at social welfare, defined as the combined
score of the allocator, the competitor, and the responder. Figure 5.7 shows the
increase in social welfare due to negotiation as a function of the theory of mind
abilities of the allocator and the competitor. That is, Figure 5.7 shows the total
size of the pie the agents end up sharing. The leftmost bar in Figure 5.7 shows that
even when both allocator and competitor are ToM0 agents that do not take the
score of the responder into account when making an offer, social welfare improves
as a result of negotiation. Nevertheless, a ToM1 allocator has a larger positive
influence on social welfare than a ToM0 allocator, irrespective of the theory of
mind abilities of the competitor. That is, ToM1 allocators succeed not only in
obtaining a larger piece of pie, but also in enlarging the total size of the pie that
is being shared by the agents.

Interestingly, the increase in social welfare due to the presence of a ToM1 al-
locator is not entirely caused by the offers made by the ToM1 allocator. Since
agents observe the offers of their competitor and learn from them, a ToM0 allo-
cator can learn to make offers that are more generous towards the responder by
observing the offers made by a ToM1 competitor. That is, the presence of a ToM1

competitor encourages a ToM0 allocator to make offers that are better for the
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responder, despite the fact that a ToM0 agent does not consider the score of the
responder.

When the competitor makes use of theory of mind, ToM2 allocators have a
stronger positive effect on social welfare than ToM1 allocators. A closer look at
the simulation results reveals that the offers of ToM2 allocators do not involve a
larger pie than offers of ToM1 allocators. Rather, in negotiations that include a
ToM2 agent, the responder is more likely to select the offer that increases social
welfare the most.

Whether the allocator has the ability to make use of orders of theory of mind
beyond the second does not appear to increase social welfare any further. In
particular, although ToM4 allocators outperform ToM2 allocators in terms of their
individual negotiation scores, this did not result in an increase in social welfare.
That is, although ToM4 allocators manage to obtain a larger share of the pie, they
do so at the expense of the competitor.

In Section 5.2, we formulated research question Q2 concerning the effect of
higher-order theory of mind reasoning on social welfare. Our results show that
the presence of first-order and second-order theory of mind allocators does indeed
increase social welfare, while orders of theory of mind beyond the second had no
significant influence on the size of the pie. This suggests that there may be a
beneficial effect of higher orders of theory of mind on the cooperative abilities of
agents.

5.6 The role of zero-order theory of mind

The description of our agent model in Section 5.3 and Section 5.4 contains several
assumptions about the behavior of the zero-order theory of mind agents. Since
the theory of mind agents are constructed on the basis of this zero-order theory
of mind model, these assumptions may strongly affect agent performance. In this
section, we take a closer look at several of these assumptions and investigate the
way in which they affect the results about agents’ individual gains (as discussed
in Section 5.5.1). In Section 5.6.1, we compare the agent model of Section 5.4 to
an alternative model in which zero-order theory of mind agents do not learn from
their observations. In Section 5.6.2, we compare different learning models for the
ToM0 agents and determine how this influences the effectiveness of higher-order
theory of mind.

5.6.1 The role of agent adaptivity

Our agent model for zero-order theory of mind of Section 5.3.1 is meant to rep-
resent the behavior of social animals that can make use of complex behavioral
strategies, but are unable to make use of theory of mind. For this reason, our
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Figure 5.8: Average negotiation score of an allocator in the Colored Trails game, based on
a static model ToM0 agent model. Results are shown for different combinations of orders of
theory of mind of both the allocator and the competitor. Brackets indicate standard errors of
the results.

agent model assumes that zero-order theory of mind agents are adaptive, in con-
trast to a number of related models of theory of mind reasoning in the literature
(see Section 5.7). The adaptive nature of the ToM0 agent may relevantly influence
the effectiveness of increasingly higher orders of theory of mind. An example of
this is shown in Section 5.5, where the adaptive nature of our ToM0 agents allows
them to make better offers when they are in the presence of a ToM1 competi-
tor compared to when their competitor is a ToM0 agent as well. This makes it
harder for ToM1 allocators to obtain a competitive advantage over ToM0 alloca-
tors. However, it is not immediately clear what the full effects of the adaptive
nature of the ToM0 agent are on the results of Section 5.5.

Therefore, to determine the effect of the adaptivity of the ToM0 agent, we
constructed an alternative version of the ToM0 agent according to the description
below.

Static model A static model ToM0 agent does not learn from the behavior he
observes from his competitor or the responder. Rather, the static ToM0

agent randomly chooses an offer that would increase his own score, and
ignores the decisions of the competitor and the responder.

Adaptive model An adaptive model ToM0 agent attempts to learn optimal be-
havior by observing the actions of others. The agent model in Section 5.3.1
describes an adaptive model ToM0 agent.
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The definition of theory of mind allocators and competitors changed accordingly,
while the behavior of the responder remained unaffected.

Note that although the static model and the adaptive model specify different
behavior of the ToM0 agent, there is a relation between the two. The adaptive
model ToM0 agent assumes that other agents exhibit behavior that can be learned
over time, and therefore that other agents can be modeled as static model agents.
Both the static model ToM1 agent and the adaptive model ToM0 agent therefore
attempt to model their competitor as a static model ToM0 agent, but using dif-
ferent methods. The static model ToM1 agent correctly attributes the reasoning
process of a static ToM0 model to his competitor, while the adaptive ToM0 agent
attempts to learn the behavior of others through observation. More generally,
when facing an agent that follows a strategy that does not change in reaction to
the behavior of others, an adaptive model ToM0 agent and a static model ToM1

agent are expected to exhibit similar behavior.
Because of this similarity between a static model ToM1 agent and an adaptive

model ToM0 agent, we expect a priori that whenever there is an advantage for
an adaptive model agent to reason using kth-order theory of mind, there should
be a similar advantage for a static model agent to reason using (k + 1)st-order
theory of mind. Note that since the specification of the ToM0 agent model affects
allocators and competitors, but not responders, this shift is only expected if this
advantage is due to interaction with the competitor. Since a static model ToM1

agent has the same beliefs about the responder as an adaptive model ToM1 agent,
we do not expect a shift in the advantages of reasoning at higher order of theory
of mind when these advantages are due to interaction with the responder.

We repeated the simulation experiment of Section 5.5, now using the static
model ToM0 agent instead of an adaptive model ToM0 agent. Figure 5.8 shows the
results of these simulations as the average increase in score due to negotiation of
a static model ToMi allocator in the presence of a static model ToMj competitor
for each combination of i, j ∈ {0, 1, 2, 3, 4, 5}. These results are largely similar to
the ones we described in Section 5.5.1 (see Figure 5.5). Irrespective of the theory
of mind abilities of the competitor, a ToM1 allocator obtains a higher score than
a ToM0 allocator. Additionally, a ToM2 allocator obtains a higher score than a
ToM1 allocator whenever the competitor is capable of theory of mind as well,
while we find no additional advantage for third-order theory of mind reasoning.

In contrast to the results in Section 5.5.1, Figure 5.8 shows no additional
advantage for fourth-order theory of mind. Instead, and as expected, we find that
if the ToM0 agent is a static agent, agents can benefit from fifth-order theory of
mind. When the competitor has at least second-order theory of mind, a ToM5

allocator significantly outperforms allocators of a lower order of theory of mind.
The similarities in the advantage of first-order and second-order theory of mind

for adaptive and static agents suggest that these advantages are due to interaction
with the responder. This is supported by the finding that the presence of a first-
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order theory of mind agent and the presence of a second-order theory of mind
agent both have a positive effect on the score of the responder (see Section 5.5.1)
as well as on social welfare (see Section 5.5.2). That is, the offers made by first-
order and second-order theory of mind agents involve a larger total pie size than
those of lower-order theory of mind agents and include a larger piece of pie for the
responder. The shift in the advantage for fourth-order theory of mind we described
for adaptive agents to fifth-order theory of mind for static agents suggests that
this result is purely due to competition between the allocator and his competitor.

5.6.2 The role of the learning model

The results of the previous section show that the distinction between static model
and adaptive model agents influences how higher-order theory of mind benefits
agents. It can in fact induce a shift in the performance of theory of mind agents.
However, since there are many different ways to implement an adaptive ToM0

agent, it is unclear what model of learning represents the right way of implement-
ing an adaptive agent. For example, it is possible to construct a ToM0 agent that
forms separate beliefs for every possible Colored Trails game. Although such an
agent would eventually learn to make the optimal offer in every possible situation,
since our setting involves 524 different game boards, such a ToM0 agent would also
be unable to make effective use of his beliefs over the course of our experiment.

To test whether the results of Section 5.5.1 are generalizable across different
specifications of an adaptive agent, we consider two variations on our ToM0 agent.
In our agent model of Section 5.4, the ToM0 allocator classifies offers by the
number of chips that are transferred from the allocator to the responder, and the
number of chips that are transferred from the responder to the allocator. This
allows the allocator to distinguish 25 different classes of offers. The variations
we consider differ in the number of different classes of offers ToM0 agents can
distinguish.

Sparse model The sparse model ToM0 agent classifies offers by the number of
chips that the offer assigns to the responder. This agent therefore only
distinguishes nine classes of offers.

Rich model The rich model ToM0 agent, on the other hand, distinguishes 121
different classes of offers.

Figure 5.9 shows the simulation results with theory of mind agents based on a
sparse model ToM0 agent, while Figure 5.10 shows the results based on a rich
model ToM0 agent. These figures show that there is remarkably little influence
of the specific model of zero-order theory of mind on the results. Although rich
model ToM0 agents obtain a higher score than sparse model ToM0 agents, this
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Figure 5.9: Average negotiation score of an allocator in the Colored Trails game. Results are
shown for different combinations of orders of theory of mind of both the allocator and competitor
agent, based on a sparse model ToM0 agent. Brackets indicate standard errors of the results.

Figure 5.10: Average negotiation score of an allocator in the Colored Trails game. Results are
shown for different combinations of orders of theory of mind of both the allocator and competitor
agent, based on a rich model ToM0 agent. Brackets indicate standard errors of the results.

difference in score due to the ToM0 agent model is small compared to the benefit
of theory of mind reasoning. Moreover, Figure 5.9 and Figure 5.10 show that
the choice of ToM0 agent model has little effect on the benefit of reasoning using
higher orders of theory of mind. As in Section 5.5.1, we find that allocators benefit
from the use of first-order and second-order theory of mind, and that there still
is a small but significant advantage of fourth-order theory of mind.

In this section, we have considered a number of alternative definitions of the
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ToM0 agent to determine how they affect the results presented in Section 5.5.
These simulations show that while static model agents yield different results than
adaptive model agents, the exact specification of the way a ToM0 agent learns to
make better offers has little influence on our results.

5.7 Related work on models of theory of mind

In this paper, we describe a recursive approach to modeling theory of mind agents.
However, our approach is not the only way to model theory of mind. Similar
recursive and hierarchical approaches have been used to formally model the be-
havior of human participants (Stahl & Wilson, 1995; McKelvey & Palfrey, 1995;
Costa-Gomes et al., 2001; Camerer et al., 2004; Goeree & Holt, 2004; Mohlin,
2012; Stuhlmüller & Goodman, 2014). Level-k reasoning (Stahl & Wilson, 1995;
Costa-Gomes et al., 2001), cognitive hierarchies (Camerer et al., 2004), and noisy
introspection models (Goeree & Holt, 2004) measure the level of sophistication of
agents by the maximum number of steps of iterated reasoning the agent is capable
of considering. These agents are incapable of learning, similar to the static model
agents described in Section 5.6. In our adaptive definition of theory of mind, an
agent that only makes one reasoning step therefore corresponds roughly to zero-
order theory of mind. Camerer et al. (2004) estimate the distribution of the level
of sophistication used by human participants over a range of non-repeated one-
shot games such as the p-beauty contest and the traveler’s dilemma, and find an
average of 1.5 steps of iterated reasoning. Part of the participants were found to
use more than two steps of iterated reasoning, which suggests these participants
may have been relying on second-order theory of mind. However, only few players
were found to be well-described as higher-level agents (Wright & Leyton-Brown,
2010).

One of the disadvantages of models of non-repeated one-shot games is that
individual agents rely purely on assumptions about the level of sophistication of
their opponents. In repeated games such as the Colored Trails we study, these
assumptions can be detrimental to an agent (Hu & Wellman, 1998). Our theory
of mind agents adjust the order of theory of mind at which they reason based on
the behavior of others, similar to models like recursive opponent modeling (Gmy-
trasiewicz & Durfee, 1995; Gmytrasiewicz, Noh, & Kellogg, 1998), I-POMDP
(Gmytrasiewicz & Doshi, 2005) and Game Theory of Mind (Yoshida et al., 2008).
Similar to our approach, I-POMDP agents construct nested behavioral models,
but cannot observe the level of sophistication of other agents directly. Instead,
agents infer the order of theory of mind at which other agents reason by matching
observed behavior of others to the behavior predicted by the application of theory
of mind. A ToMk agent can reason about other agents that make use of orders of
theory of mind up to and including (k − 1)st-order theory of mind. This means
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that when a ToM4 agent believes that his trading partner is a ToM1 agent, he
may decide to behave as if he were a ToM2 agent. When agents mutually engage
in modeling the order of theory of mind at which the other is reasoning, this may
influence the effectiveness of higher orders of theory of mind. Through simulation,
these effects are taken into account.

Our approach differs from previous work in that the behavior of our agents
changes based on the observed behavior of others. Previous models of theory of
mind typically assume that the most basic agent responds optimally under the
assumption that other agents act according to a known non-strategic policy (Stahl
& Wilson, 1995; McKelvey & Palfrey, 1995; Costa-Gomes et al., 2001; Camerer
et al., 2004; Goeree & Holt, 2004; Mohlin, 2012; Yoshida et al., 2008). Instead,
our zero-order theory of mind agents attempt to learn the behavior of others
through heuristics and associative learning. The exact behavior of a ToM0 agent
therefore depends on the behavior of others. For example, our results show that
a zero-order theory of mind allocator learns to make more successful offers in the
presence of a first-order theory of mind competitor. By observing the behavior of
more sophistication agents, a zero-order theory of mind agent can learn to behave
as if it were using theory of mind, without the need of actually engaging in theory
of mind itself. That is, the zero-order theory of mind allocator appears to take
the goal of the responder into account, even though he does not actually consider
the goals of others.

Finally, note that the goal of our agent model is not to describe the way human
participants make use of theory of mind to select their actions using agent-based
simulation tools such as PsychSim (Pynadath & Marsella, 2005), but to explain
the evolution of higher-order theory of mind abilities by determining in what
settings the use of this cognitively demanding ability presents individuals with
advantages over individuals that rely on simple heuristics (Gigerenzer et al., 2011;
Kahneman, 2011).

Recently, Devaine, Hollard, & Daunizeau (2014b) investigated the effective-
ness of higher-order theory of mind using a model of meta-Bayesian agents that
is closely related to our agent model. Using replicator dynamics, Devaine et al.
determine whether Bayesian agents of a lower order of theory of mind can sur-
vive when faced with more sophisticated agents. Devaine et al. report that in
a cooperative setting, the population reaches an evolutionarily stable mixture of
first-order and second-order theory of mind agents, while a competitive settings
only agents using the highest order of theory of mind survive. In the current work,
we consider the situation in which these settings are combined, and agents are
faced with a setting that has both competitive and cooperative elements.
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5.8 Conclusion

Experimental evidence suggests that people make use of higher-order theory of
mind, while other animals do not appear to have this ability. Agent-based sim-
ulations show that in both competitive settings (De Weerd et al., 2013b) and
cooperative settings (De Weerd, Verbrugge, & Verheij, 2015), agents can benefit
from higher-order theory of mind reasoning. However, it is unlikely that either
competition or cooperation alone are the main driving force behind the emergence
of higher-order theory of mind in humans. In the current work, we therefore con-
sider an alternative explanation which suggests that there are mixed-motive set-
tings in which the use of higher-order theory of mind presents individuals with an
evolutionary advantage (Verbrugge, 2009). We have placed computational agents
in a simulated one-shot negotiation setting to show that the ability to make use
of theory of mind can indeed lead agents to negotiate more effectively, resulting
in a higher average score for both the agent himself and his trading partner.

We investigated a particular mixed-motive setting known as Colored Trails
(Lin et al., 2008; Gal et al., 2010; De Jong et al., 2011; Van Wissen et al., 2012).
In our setting, an allocator and his competitor simultaneously offer a trade to
a responder, who in turn chooses whether or not to accept one of these offers.
In our simulation experiments, we considered the effect of reasoning at increas-
ingly higher orders of theory of mind on the individual performance of the agent
(question Q1) and on the performance of the group as a whole (question Q2).

Our simulation results show that although an allocator can successfully in-
crease his score through negotiation in the Colored Trails setting without making
use of theory of mind, first-order theory of mind can indeed help individuals to
negotiate outcomes that are better for both themselves as well as for their trading
partner. That is, a ToM1 allocator can successfully negotiate a larger pie to share
with the responder, which includes a larger piece of pie for himself as well.

Second-order theory of mind provides an allocator with additional benefits.
When both allocator and competitor are capable of using theory of mind, a ToM2

allocator obtains a larger piece of pie than an allocator that is limited to first-order
theory of mind. Moreover, the presence of a ToM2 allocator also increases the size
of the pie that the responder receives. Interestingly, most of the additional pie
that first-order and second-order theory of mind allocators negotiate for ends up
with the responder.

Our earlier research into the effectiveness of higher-order theory of mind in
strictly competitive settings (De Weerd et al., 2013b) and in cooperative set-
tings (De Weerd, Verbrugge, & Verheij, 2015) describes similar advantages for
first-order and second-order theory of mind. However, unlike previous results in
competitive settings, we find no additional advantage for third-order theory of
mind in the Colored Trails setting. Instead, our results show that agents of an
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even higher order, namely ToM4 allocators, outperform allocators of a lower order
of theory of mind when the competitor is capable of using second-order theory
of mind. That is, agents benefit from reasoning at higher orders of theory of
mind in mixed-motive situations, more so than in strictly competitive settings.
The higher score of the ToM4 allocator is, however, not reflected in social welfare.
The additional pie for the ToM4 agent is therefore not a result of making offers
that involve a larger pie. Instead, the ToM4 agent obtains his higher score at the
expense of the competitor, by selecting offers that cause the responder to choose
his offer over the one made by the competitor.

Although the ToM0 agents in our experiments are unable to reason about the
mental content of others, these ToM0 agent reason about the actions of others and
change their behavior accordingly. This way, ToM0 agents are meant to capture
the abilities of individuals that, while unable to reason about the beliefs of others,
are capable of complex behavior (cf. Penn & Povinelli, 2007; Van der Vaart et
al., 2012; Van der Post et al., 2015). In additional experiments, we show that
whether or not a ToM0 agent displays this kind of adaptive behavior can influence
the effectiveness of higher-order theory of mind. However, these experiments also
show that our results for adaptive agents are robust to the exact specification of
the zero-order theory of mind model.

Our results suggest that people as well as automated agents that engage in
multi-issue bargaining situations may benefit from the use of higher orders of
theory of mind. In our current Colored Trails setup, however, agents engage in
repeated one-shot negotiations. In new research, we aim to emphasize the mixed-
motive nature of Colored Trails by allowing multiple rounds of negotiations. When
the responder makes offers of her own, this may affect whether agents benefit from
the use of higher orders of theory of mind. Similarly, higher orders of theory of
mind may also be more beneficial when the game setting is not fully observable.
In our current setup, each agent knows the initial location, goal location, and the
initial set of chips of every agent. In everyday negotiation situations, however, the
goals of others are usually not fully known (Raiffa et al., 2002; Wellman, Reeves,
Lochner, & Vorobeychik, 2004). Higher orders of theory of mind may be beneficial
in determining the information available to each agent, as well as the information
that agents may be revealing or trying to hide by making a specific offer.

The agent model we describe in this paper also highlights that theory of mind
provides agents with a convenient generalization over games. This allows theory
of mind agents to make predictions about the behavior of others in situations that
they have never encountered before without relying on similarity between games.
In contrast, agents without the ability to make use of theory of mind need to
identify what features of a situation are relevant in determining the behavior of
others. It may therefore be that the ability to accurately predict the behavior of
others in novel situations explains the emergence of higher-order theory of mind
in humans.
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