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ARTICLE INFO ABSTRACT

Keywords: The human mind is a mosaic composed of multiple selves with conflicting desires. How can coherent actions
Conflicting desires emerge from such conflicts? Classical desire theory argues that rational action depends on maximizing the ex-
Intention

pected utilities evaluated by all desires. In contrast, intention theory suggests that humans regulate conflicting
desires with an intentional commitment that constrains action planning towards a fixed goal. Here, we designed
a series of 2D navigation games in which participants were instructed to navigate to two equally desirable
destinations. We focused on the critical moments in navigation to test whether humans spontaneously commit to
an intention and take actions that would be qualitatively different from those of a purely desire-driven agent.
Across four experiments, we found three distinctive signatures of intentional commitment that only exist in
human actions: “goal perseverance” as the persistent pursuit of an original intention despite unexpected drift
making the intention suboptimal; “self-binding” as the proactive binding of oneself to a committed future by
avoiding a path that could lead to many futures; and “temporal leap” as the commitment to a distant future even
before reaching the proximal one. These results suggest that humans spontaneously form an intention with a
committed plan to quarantine conflicting desires from actions, supporting intention as a distinctive mental state
beyond desire. Additionally, our findings shed light on the possible functions of intention, such as reducing
computational load and making one’s actions more predictable in the eyes of a third-party observer.
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“... but you must bind me hard and fast, so that I cannot stir from the question with deep philosophical roots. As hypothesized by the famous
spot where you will stand me... and if I beg you to release me, you Buridan’s ass paradox, an ass placed in the middle of two equally
must tighten and add to my bonds” desirable piles of hay may end up starving to death due to indecisive-
—The Odyssey ness. In everyday life, humans also constantly experience such contra-
dictions within themselves. We suffer from conflicting desires as if we
have multiple selves: parts of me may want longevity while another part
may be addicted to alcohol (Schelling, 1984). This multiple-selves
dilemma has long been discussed in philosophy (Elster, 1987; Scho-
penhauer, 1969), economics (Schelling, 1984), and psychology (Freud &
Jones, 1922; Lewin, 1931; Miller, 1944; Tversky & Shafir, 1992), yet the
mental states involved in generating coherent actions despite the con-
flicts among desires are still unclear.

1. Introduction

Humans are purposive agents who act to fulfill desires. However,
these desires often conflict with each other, as they constantly represent
competing interests. In the real world, animals and humans typically
need to take a sequence of actions to fulfill a desire. But how they deal
with situations where they have multiple incompatible desires is a
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1.1. Desire theory of rational actions

In philosophy of mind, desire is essentially a motivational state that
represents “the primitive sign of wanting” or “trying to get” (Anscombe,
2000). Classical theory asserts that desires, despite they can be incom-
patible, are sufficient to directly generate coherent actions when com-
bined with beliefs (Audi, 1974; Davidson, 1963). In this account, the
main focus of rational action is to satisfy the desires most efficiently
(Dennett, 1987). While this approach seems intuitive when the desire is
simple (e.g., my desire to eat drives my action of opening the refriger-
ator), how could it explain complex situations where multiple desires
conflict with each other?

Modern decision theory offers a solution: take the expectation of all
future outcomes evaluated by all desires (Von Neumann & Morgenstern,
1944; Steele & Stefansson, 2020). Here, desires are formulated as a
utility function that measures the desirability of a state. A rational agent
takes actions that can maximize the expected utility (MEU) (Russell and
Norvig, 1995). More specifically for sequential actions, here we focus on
one particularly important extension of MEU, the Markov Decision
Process (MDP), which solves how an agent should act rationally over
time (Bellman, 1957; Sutton & Barto, 1998). Following the classical
view of rationality, the MDP starts with an agent driven by a well-
defined reward function, analogous to a human motivated by certain
desires. While the reward function defines only the immediate reward
the agent can receive in one time step, the MDP is able to provide a
rational policy following which the agent can take actions to maximize
long-term cumulative rewards. With this definition of rational action,
complex desires only need to be formulated as a complex reward func-
tion, without introducing any additional mental representation.

In cognitive studies of theory of mind (ToM), the desire theory is also
the default model for interpreting an agent’s rational actions in terms of
their beliefs and desires (Fodor, 1992; Wellman, 1992, 2014). This has
been demonstrated in an influential study showing that infants’ under-
standing of an agent’s goal was severely undermined if the agent acted
irrationally by taking a path that deviated from the optimal one
(Gergely, Nadasdy, Csibra, & Bir6, 1995). More recently, it has been
shown that infants can infer the value of an object based on subtle
changes in the cost and reward of actions, by assuming that an agent is
rational (Liu & Spelke, 2017; Liu, Ullman, Tenenbaum, & Spelke, 2017).
These discoveries support the naive utility calculus theory of action
understanding (Jara-Ettinger, Gweon, Schulz, & Tenenbaum, 2016).
Due to the importance of the rationality principle, the MDP, as a model
implementing rational actions driven by desires, has been widely used as
the “planning engine” in recent computational modeling studies on
ToM, including inferring human mental states in 2D environments
(Baker, Saxe, & Tenenbaum, 2009, Baker, Jara-Ettinger, Saxe, & Ten-
enbaum, 2017), understanding social scenes in physics engines (Shu,
Peng, Zhu, & Lu, 2021), attributing intelligence to others (Kryven, Ull-
man, Cowan, & Tenenbaum, 2021), and modeling social interactions,
such as multi-agent cooperation and communication (Ho, Cushman,
Littman, & Austerweil, 2021; Ho, Littman, MacGlashan, Cushman, &
Austerweil, 2016; Jiang et al., 2021; Kleiman-Weiner, Ho, Austerweil,
Littman, & Tenenbaum, 2016). It is worth noting that most of these
studies did not argue that the MDP is indeed the algorithm that humans
use to make rational plans. Instead, they treated it as a solver from a
practical perspective to capture the fact that human actions are largely
rational, based on their beliefs and desires.

Despite this progress, these studies have not yet addressed the
challenges posed by the conflicting desires. Most studies assume that the
agent is driven by a single desired state as the only source of positive
reward and therefore do not take into account the effects of conflicting
desires. Consequently, it remains unclear whether the desire theory can
effectively capture how humans act under conflicting desires. For
example, in situations with two incompatible desires with equal
strengths (such as the one highlighted in Buridan’s ass paradox), will
human decision-making differ qualitatively from the MDP policy?
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Exploring such deviations can test whether the desire theory is a suffi-
cient model of human actions. It is also important to determine the
extent to which MDP can be used as an approximation of human plan-
ning in a ToM framework.

1.2. Intention beyond desire: a philosophical perspective

There are many reasons to doubt the sufficiency of the desire theory
in explaining human sequential actions. One classical example is
demonstrated by Odyssey. The ancient Greek hero Ulysses desired to
hear Sirens’ song, but he also desired to return safely to his home
without being seduced by Sirens. Faced with these conflicting desires, he
chose to voluntarily abandon his freedom and tied himself to a mast to
resist Sirens’ temptation. Why would not Ulysses just sit back and let
these two conflicting desires battle it out to determine his “rational”
actions? Why would Ulysses proactively and voluntarily bind himself,
thereby abandoning his freedom of action?

Contemporary philosophers have argued that there is a gap between
desire and rational actions (e.g., Brand, 1984; Bratman, 1987; Harman,
1986; Mele, 2003; Michael, 2022; Pacherie, 2006; Searle & Willis,
1983). For example, Searle (2003) argues that one cannot simply sit
back and let desires dominate actions. He claims that only a small pro-
portion of human actions are directly driven by desires, such as the
actions of a drug addict who is overwhelmingly driven by the desire to
take heroin. However, these desire-driven actions are hardly represen-
tative examples of human unique rationality. To fill the gap between
desire and actions, a distinctive mental state, intention, has been pro-
posed as an intermediate representation that regulates desires for
coherent actions (Bratman, 1987). Whereas desire is a motivational
mental state, intention is the deliberate state of choosing among po-
tential desires and commitment to a course of action (Harman, 1986;
Searle & Willis, 1983). Intention-based actions do not consider the ex-
pectations of all future states evaluated by all desires, but are committed
to bringing about one fixed future (Bandura, 2001). Therefore, any
conflicting nature of desires must be “filtered out” before forming an
intention to execute actions: an agent is allowed to desire conflicting
things, but not to intend conflicting things (Bratman, 1987; Searle,
2003). In this process, intention serves as a resolution to settle the
debate between conflicting desires: the course of actions is committed
once the intention is formed, and the execution of those actions will be
shielded from the distractions of the unchosen desires.

The distinctive nature of intention has been revealed by philosoph-
ical analysis of language, which shows that intentions and desires are
semantically different (Brand, 1984; Searle & Willis, 1983). For
example, in contrast to desires that can be fulfilled in a number of ways,
an intention must be “satisfied in the right way” (Searle & Willis, 1983).
This is showed in a classic example (Chisholm, 1966), Tom, who wanted
to poison his uncle, accidentally killed a pedestrian in a car crash on his
way to buy the poison. If the pedestrian turns out to be his uncle, Tom’s
desire is fulfilled; however, his intention to murder by poisoning is not
fulfilled.

From a pragmatic decision-making perspective, intentions also serve
important functions beyond desires. One function of intention is to save
computational resources. Intentions enable cognitively limited agents,
such as humans, to utilize prior deliberation for guiding future behavior,
without being time-sliced agents who always start from scratch (Brat-
man, 1987). In this view, intentions can be regarded as a manifestation
of bounded rationality (Gershman, 2021; Lieder & Griffiths, 2019;
Simon, 1955), facilitating human planning over time in an ever-
changing world.

Another key function of intentions is that, by committing to a fixed
future, they increase the predictability of agents’ actions. This predict-
ability facilitates cooperation between multiple agents and helps coor-
dinate with one’s future self (Bratman, 1987, 2018; Michael & Pacherie,
2015). On the cooperation side, consider which partner you would
prefer to go to dinner with: an intention-agent who promises you to
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show up for dinner, or a desire-agent who tells you that whether they
show up is determined by the rational policy given how much they want
dinner (reward) and how much they hate the traffic (cost). On the side of
coordinating with the future self, an agent’s intention promises to bring
about one future (Bandura, 2001). This future stability allows an agent
to concatenate multiple intentions, with one starting from the fixed
future promised by the previous intention (Bratman, 2018). Therefore,
the agent can form a partial plan with a long horizon by leaping forward
from one promised future to the next while ignoring the gaps between
them (Bratman, 1987). The partial planning nature of intention allows
for a more distant but still foreseeable future self that can be coordinated
with. One seemingly paradoxical feature of partial planning is that a
distant future can be more predictable than a proximal future. For
instance, while I do not have a plan for the next week, I have already
decided to fly to Paris for the next Olympics, followed by a visit to the
Musée du Louvre. This commitment to the future is a key aspect of
intention explored in the current study.

Of course, the commitment to an intention is not perfect or irrevo-
cable, for two reasons. First, maintaining a commitment requires mental
effort, and a weakness of will can cause an intention to be abandoned
(Holton, 1999) —- just think of all the New Year’s resolutions that are
never carried out. Second, in a changing environment, a plan can
become outdated and it’s necessary to be able to re-plan when new in-
formation arrives (Bratman, 1987, Chapter 5). For these reasons, the-
ories of intention do not assume that there will be no flexibility when
intention is committed. Instead, they argue that intention would make
human action more inflexible than a desire theory predicts, since giving
up an intentional commitment and re-planning is different from having
no commitment at all.

1.3. Empirical studies of intentional commitment

Empirical studies of commitment were first explored by economists,
who found that humans are not fully rational as utility-maximizers due
to the fact that their preferences may change over time—referred to as
the “changing tastes” problem (Strotz, 1955). To forestall the changing
tastes, commitment has been proposed as a regulatory device to deal
with the temporal fluctuations of preferences (Bryan, Karlan, & Nelson,
20105 Schelling, 1980, 1984; Thaler, 1980). However, economists focus
on explaining consumer behavior and providing high-level commitment
strategies, rather than examining commitment as an intrinsic property of
intention in ToM, which is important for cognitive psychology.

Psychological researchers, on the other hand, have been looking into
how people manage their desires in their minds since the time of Sig-
mund Freud. Intentional commitment was first studied as a phenomenon
of self-control. When faced with temporal fluctuations in preferences, a
lack of self-control often leads to inconsistent behavior (Ainslie, 1975).
One classic demonstration of self-control is children’s ability to suppress
current impulses in exchange for greater future interests (Mischel,
Ebbesen, & Raskoff Zeiss, 1972). Although children do not understand
internal conflicting desires until they are at least 7 years old (Choe, Keil,
& Bloom, 2005), they appear to demonstrate persistence towards a
specific goal as early as infancy (Leonard, Lee, & Schulz, 2017). More-
over, researcher have found a positive correlation between 18 months
infants’ high-order self-control abilities and their low-level movement
planning for motor actions (Gottwald, Achermann, Marciszko, Lindskog,
& Gredeback, 2016). To ensure that long-term goals are pursued
persistently, adults may even impose constraints on themselves, such as
setting deadlines (Ariely & Wertenbroch, 2002; Muraven & Baumeister,
2000). These findings suggest that humans are able to regulate their
actions through self-control. However, from a ToM perspective, there
still lack a clear distinction between desire-driven and intention-driven
actions, particularly for action planning amidst conflicting desires.

Studies on intention from a ToM perspective have primarily focused
on investigating the semantic properties of intention. Using introspec-
tive self-reports, researchers have shown that intention is a more
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performable concept and more closely tied to actions than desires (Malle
& Knobe, 2001; Perugini & Bagozzi, 2004). A story-comprehension task
found that 5- and 7-year-olds, but not 3- and 4-year-olds, can understand
that an intention is a plan of action that must be fulfilled by carrying out
that plan (Schult, 2002). In addition to measuring the understanding of
intentions, motivational psychology studies have investigated the role of
intentions in people’s goal attainment (Ajzen, 1985; Ajzen, Czasch, &
Flood, 2009; Gollwitzer, 1999; Gollwitzer & Sheeran, 2006; Moskowitz
& Grant, 2009; Shah, 2005; Shah, Friedman, & Kruglanski, 2002;
Sheeran, Webb, & Gollwitzer, 2005). In this context, a goal is defined as
a desire-ended point, where desire is the basic motivation to act.
Intention, on the other hand, is a planning process that involves
commitment to a goal and commitment to a plan of actions (Gollwitzer,
1999; Gollwitzer & Keller, 2016). Commitment to a goal is referred to as
goal commitment (Shah et al., 2002), whereas commitment to the plan is
often referred to as self-control and self-regulation (Sheeran et al.,
2005). These studies typically instructed participants to form intentions
towards a future goal and measured goal attainment using follow-up
questionnaires when the future arrived. For example, one study asked
participants in early December to list projects they wanted to accomplish
during the Christmas holiday and measured whether participants had
completed their projects four weeks after the Christmas holiday (Goll-
witzer & Brandstatter, 1997). They found that participants who were
instructed to make more detailed plans had a higher rate of goal
attainment, indicating that intentions as plans can regulate human
behavior with explicit semantic formations. The function of semantic
intention is also supported by studies using priming tasks, which show
that intention can also function subconsciously to shield the focal goal
from alternative goals. These studies suggest that intention may serve as
a self-regulatory mechanism for automatic goal pursuit in lexical deci-
sion making (Fishbach & Shah, 2006; Shah et al., 2002). While these
behavioral studies have explored the semantic properties of intention,
there is currently no direct psychophysical evidence demonstrating how
intentions regulate human sequential actions in a way that differs from
the desire theory in a planning task, such as the task typically used in
ToM studies.

There are few studies that have discussed intention from a compu-
tational perspective. In an early work of logical artificial intelligence,
intention was formalized as the selection of a goal for persistent pursuit
(Cohen & Levesque, 1990). Another study showed that by modeling
intention as a latent mental state, quantitative predictions can be made
to capture human moral judgments on the famous trolley problem
(Kleiman-Weiner, Gerstenberg, Levine, & Tenenbaum, 2015). More
recently, intention has also been modeled as optimizing the order of
destinations that bring different rewards, which allows the model to
focus on one destination at a time and satisfy a sequence of goals (Jara-
Ettinger, Schulz, & Tenenbaum, 2020). Their model quantitatively
predicted how participants inferred an agent’s subjective costs and re-
wards after observing its sequential navigation and also how they pre-
dicted the agent’s future actions in new situations. However, these
studies have mainly focused on the capability of intention; they do not
speak directly to whether a desire-belief complex is sufficient for
generating human actions, especially when conflicting desires are
involved.

1.4. The present study

Here, we investigated the commitment nature of intention in a series
of 2D navigation games with conflicting desires, where the intention
theory and desire theory should make qualitatively different predictions
on human actions. We designed three games to examine three behav-
ioral signatures of intention in human action. Overall, the experimental
game setting was inspired by Buridan’s ass thought experiment. The
participant’s task was to navigate an agent to one of two equally
desirable restaurants (destinations) located apart from each other on a
2D map.
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To explore whether humans spontaneously form intentional
commitment, we designed our experiments according to the following
principles. First, intention and commitment were not mentioned at all in
the task instructions. We simply asked the participants to complete the
game as quickly as possible with the least number of steps. Second, in
our experimental design, commitment to an intended destination could
actually hinder participants’ performance. The logic of this design is
similar to that of the classic Stroop effect (Stroop, 1935), which dem-
onstrates a spontaneous process by showing how it impairs the main
task. If commitment can still be observed, it would suggest that intention
is a spontaneous process. Note that our goal is not to show that humans
have no ability to control an established commitment, but to show that
humans form a commitment even when it can hurt task performance.

Specifically, we focused on engineering critical moments in naviga-
tion, where the agent’s actions will be qualitatively different depending
on whether they were committed to an intended goal or simply trying to
maximize the expected utility with respect to both goals. At these critical
moments, the desire theory predicts that the agent will always choose
the action that leads to the highest expected utility. In cases where
different actions have the same expected utility, the desire theory pre-
dicts no bias in choosing between them. In contrast, the intention theory
predicts that humans would bias their actions towards the previously
committed destination. Such a bias can be revealed in two ways. First,
among all actions having the same expected utility, humans would be
biased towards choosing the one leading to the committed destinations.
Second, humans may even violate the MEU principle by choosing sub-
optimal actions leading to the committed destinations. It is important to
note that our aim here is to reveal the bias towards a committed desti-
nation, rather than a complete inflexibility of human action after
commitment, as we discussed earlier that commitment can be revoked
due to a weakness of will or re-planning. Nevertheless, as long as
intention exists as a distinctive mental state, its commitment nature will
cause a certain degree of inflexibility that can be observed in human
actions as a bias towards the committed destination.

To highlight that the MDP, as an implementation of the desire the-
ory, is incapable of capturing human action patterns in conflicting de-
sires, we used an MDP model to run the same task in each experiment
and compared its results side-by-side with those of humans. Since
human actions will certainly not be perfect but will contain noise, we
used a soft-max policy with a temperature parameter f that controls the
amount of noise. The parameter  was fitted based on previous literature
using MDP to model ToM in a 2D grid world (Baker et al., 2009; Baker
et al., 2017), which is closest to our experimental setting (see Appendix
for details). It is noteworthy that although manipulating $ can change
the overall performance of the MDP and the variance of the MDP’s ac-
tions, it will not lead to any bias in choosing paths with equal expected
utility. Therefore, our focus of using an MDP was not to fit the overall
performance of human results, but to show that the MDP would not
demonstrate any bias in our planning task, as predicted by the desire
theory. In most cases, the results of the MDP were straightforward
following the theoretical predictions; it served as a sanity check to
demonstrate the validity of our experimental design, which creates two
paths of equal expected utility. In other cases, where the theoretical
predictions are not clear, a detailed comparison between human and
MDP trajectories can enrich our understanding of how intention mani-
fests over time.

2. General method

All studies were pre-reviewed and approved by the Institutional
Review Board of the Department of Psychology and Behavioral Sciences,
Zhejiang University. The sample sizes were determined before data
collection and no additional data were collected after the experiments
began. Researchers who collected the data were blinded to the hy-
potheses of the study during data collection. Experiment 2b was pre-
registered online at https://osf.io/my92h. Samples were not intended to
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be representative of any population, because we assumed that the
intentional nature of actions applies to all populations. All participants
provided informed consent prior to participating the experiments.

Across all the experiments, the navigation game was presented on 2D
maps with 15 x 15 grids. Participants were instructed to control a
hungry agent to reach any of the two restaurants (destinations) as soon
as possible with the least number of steps, using the four arrow keys (up,
down, left, and right) on a standard keyboard. They were instructed that
they could earn additional bonuses (course credits or money) after the
experiment if they followed the instructions to complete the task
efficiently.

In Experiments 1, 2a, and 3, the participants performed the task
individually in a single room using a laboratory computer. Each com-
puter was equipped with a 17-in. CRT monitor (100 Hz, 1024 x 768
screen resolution). Participants sat at a viewing distance of approxi-
mately 50 cm from the monitor. After completing the experiment, all
participants were given a fixed bonus. In Experiment 2b, the participants
performed the task online using their own computers. They were given
extra monetary bonuses, depending on their performance after the
experiment (see each experiment for detailed incentive information).

3. Experiment 1: commitment as goal perseverance

Experiment 1 explored the “goal perseverance” nature of intention as
the persistent pursuit of one future despite unexpected disruptions and
setbacks that have made that future suboptimal. A disruption was
introduced as a “drift” that nullified the agent’s action by placing the
agent in one of the nearby cells except for its intended position (Fig. 1A).
In cases where a deliberately engineered drift placed the agent closer to
the destination that the agent was not pursuing (Fig. 1B), we were
particularly interested in whether the agent would continue with its
previous goal or change its goal. To avoid raising the participants’ sus-
picions, the deliberate disruption was introduced only once at the end of
the experiment. It was covered by the first nine trials of random dis-
ruptions, which serve to establish the impression of “random” disrup-
tions, as per the participants’ instructions.

If human actions are driven by intentions, they should tend to resist
re-planning and thus be biased towards the original destination. On the
other hand, if human actions are simply driven by desires, they should
move towards the closer destination, as it brings higher expected utility.

3.1. Method

3.1.1. Participants

As there is no similar prior study, Experiment 1 used the sample size
suggested in the social sciences (Simmons, Nelson, & Simonsohn, 2013).
Fifty undergraduate and graduate students (27 female, Myge = 21.3, SD
= 2.1) were recruited from the participant pool at Zhejiang University.
All participants were paid 10 Chinese yuan for their participation, and 5
Chinese yuan for completing the task effectively.

3.1.2. Design and procedure

Each trial consisted of a map of an agent and two destinations. To
mimic the setup of Buridan’s ass, the two destinations were vertically or
horizontally aligned with equal Manhattan distances to the agent’s
starting positions. The distances varied from 8 to 12, with a mean of 10.
Each map was generated with a randomly assigned distance, and
randomly rotated by an angle from [0, 90, 180, 270] degrees (see Ap-
pendix B for detailed construction of each map).

There was a total of ten trials. In the first nine trials, just as partici-
pants were instructed, the disruption randomly occurred with a 10%
probability at every time step, resulting in roughly one drift per trajec-
tory. Across trials, these “random” drifts were pseudo-randomly gener-
ated for each participant with one constraint: there were three
disruptions in every three trials. There were no constraints on how these
disruptions were distributed within the three trials.
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Fig. 1.. Design of Experiment 1.

Note. Panel A: Design of random disruptions. In
the first nine trials, both the time step and the
direction of the disruptions were randomly

Destination A Destination B

Position drifted

Destination A
revealed by action
(now suboptimal)

Action { 9% A First action {<~x+@ Drifted position
3 possible i revealing a 4 | (opposite to its action)
drifted positions A destination A
4 Trajectory i
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Starting position Starting position

sampled. Panel B: Design of deliberate disrup-
tions. In the last trial, both the time step and
the direction of the disruptions were deliber-
ately designed to push the agent away from the
u destination at the moment it was revealed.

Destination B
not revealed
(now optimal)

In the last trial, without the participants’ awareness, the disruption
was not random but deliberately engineered. We defined the first-
revealing-steps (FRS) as the number of steps at which the agent first
revealed its destination by executing an action towards one destination
while moving away from the other. The deliberate disruption was trig-
gered at the FRS. It was against the agent’s action by placing it in the cell
in the opposite direction of its action (see Fig. 1B). As a result, the agent
ended closer to the other destination, which was not revealed by its
action.

Participants were explicitly informed that the environment was not
fully deterministic: at every step, there was a 10% probability that the
agent’s action could be disrupted by a random drift that pushes the agent
to a nearby cell. A trial ended once the agent reached a destination and
was immediately followed by a new trial with a new map.

3.2. Results and discussions

3.2.1. Goal perseverance

The measure of “goal perseverance” was whether the agent’s first
revealed destination (the original destination) was consistent with their
final reached destination (either the original or alternative destination).
We measured the bias in choosing between the two destinations by
examining whether participants’ choice of the original destination was
(a) significantly different from 0% when the original destination had a
lower expected utility, and (b) significantly different from 50% when the
two destinations had the same expected utility.

Our primary focus was on the last trial with deliberate disruption,
where the original destination had lower expected utility after the
disruption. Post-experiment questionnaires indicated that none of the
participants noticed any difference between the final trial and the pre-
vious one, nor did they express any suspicion about the disruption not
being randomly generated. As predicted by the intention theory, the
majority of human participants (70%, or 35 out of 50) still tended to
reach the original destination (binomial exact test, compared to 0%, p <
.001; compared to 50%, p = .003), while none of the MDP models (0%,
or 0 out of 50 simulations) did so, which confirmed the prediction of the
desire theory (Fig. 2A). A direct comparison between humans and the
MDP model revealed a statistically significant difference (Fisher’s exact
test, two-tailed p < .001, Cramer’s ¢ = 0.73). These results suggest that
humans, but not the MDP, were biased towards the original destination.
Overall, it is striking that 70% of participants remained committed to the
original — now sub-optimal — destination, despite the task instruction
to reach a destination as efficiently as possible. The non-committed
actions could be due to a combination of (a) action noise, (b)

weakness of will (Holton, 1999), and (c) rational re-planning (Bratman,
1987).

In the first nine trials with random disruptions, both humans (96%;
95% CI [0.93, 0.98]) and the MDP model (92%; 95% CI [0.89, 0.94])
reached the original destination with a high percentage (Fig. 2B). This
was expected, as in these trials, the original destination still typically
had a higher expected utility after the disruptions. To explore whether
the difference between humans and the MDP was significant, we first
conducted a mixed-effects logistic regression to predict participants’
choices (0 = alternative destination, 1 = original destination) from the
agent-type (0 = MDP model, 1 = human), with random intercepts for
individual participants. This analysis revealed a significant main effect
of agent-type (#=0.68; OR = 0.51, 95% CI [0.29, 0.90],)(2(1) =542,p
=.02), suggesting that humans were more likely to choose the original
destination than the MDP model in these trials. This difference was
likely due to the fact that, just by chance, some of the random disrup-
tions worked similarly to the deliberate disruptions, which caused a
similar human bias.

Further analysis of the random disruptions revealed that indeed,
there were around 10% of these disruptions that made the expected
utility of the original destination equal or lower than the alternative
destination. First, in cases where the original destination and the alter-
native destination have equal expected utility after the disruption,
humans chose the original destination more often than the 50% chance
level, (73.2% or 30/41 trials; binomial test, p < .01, Fig. 2C), whereas
the MDP model showed no preference between the two destinations
(50% or 26/52 trials). Second, in cases where the original destination
had a lower expected utility after the disruption, humans still showed an
above-chance preference for the original destination (85.7% or 12/14
trials; binomial test, p < .01, Fig. 2D), while the MDP model did not (0%,
or 0/10 trials).

These results from the deliberate and random disruptions together
demonstrate the “goal perseverance” nature of human intention as
committing to a destination in an uncertain environment.

3.2.2. Does the timing of intention manifestation affect goal perseverance?’

As the formation of intention may take time and effort (Harman,
1986), we further explored how human goal perseverance interacts with
FRS, which measures how long it takes humans to manifest an intention.
We predicted that the strength of goal perseverance may depend on FRS,
with a larger FRS reflecting longer deliberation. A fitted mixed-effects

1 We thank an anonymous reviewer for suggesting this analysis.



S. Cheng et al.

A Deliberate disruption B Random disruptions

100 100

g 80 - 804
S
°
.=

3 60 - 60 -
=S
8o

5.2 40 404
Ao
[
=

201 204

0- 04

Humans MDP Humans MDP

Il The original destination

Fig. 2.. Humans commit to the original destination despite disruptions.

Percentage of

Cognition 238 (2023) 105513

Random disruptions similar to the deliberate ones

C Equal distance D Closer to the alternative
after disruptions destination after disruptions

100 100

= 804 80 -
2
=

£ 604 60 -
8
<

B 404 40+
=
Q
B

=204 20

0- 0

Humans MDP Humans MDP

The alternative destination

Note. Panel A: Deliberate disruption. Percentage of participants who reached the original destination in the last trial. Panel B: Random disruptions. Mean percentage
reaching the original destination, averaged over the first nine trials. The error bars indicate 95% confidence intervals. Panels C and D: Percentage of original
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logistic model of all trials (predicting goal perseverance from FRS, with
random intercepts for subject and map) revealed a significant main ef-
fect of FRS ( = 0.20; OR = 1.22, 95% CI [1.11, 1.34]; p < .001), with a
larger FRS showing a stronger goal perseverance (see Fig. 3). This result
is consistent with the theory that intention requires deliberation (Har-
man, 1986). Our results further show that the duration of deliberation
has an impact on the strength of commitment; the longer the delibera-
tion, the stronger the commitment.

4. Experiment 2a: commitment as self-binding

Experiment 2a investigated the self-binding nature of intention,
inspired by the story of Ulysses in Greek mythology who bound himself
to a mast to resist the temptation of Sirens’ song. While this self-binding
phenomenon has inspired philosophical discussions of intentional
commitment (e.g., Elster, 2000), it is not typically considered a common

Predicted probabilities of goal perseverance

100%
95%
90%
85%
80%

75%

5 10 15

first-revealing-steps

Fig. 3.. Human’s goal perseverance increases when their intentions were
manifested later.

Note. Humans’ goal perseverance as a function of the first-revealing-steps. The
curve was plotted by the fitted mixed-effect logistic regression model. The error
shadows reflect 95% confidence intervals.

aspect of intention and is thought to occur only in special cases (Brat-
man, 1987, p. 21). In this experiment, we explored whether humans
would proactively constrain their freedom by avoiding a path that could
lead to many potential futures. The opportunity for “self-binding” was
presented at a crossroad with two paths: an open-ended path that could
lead to two destinations, or a fixed-future path that leads to only one
destination (see Fig. 4 for an example map). A desire-driven agent
should show no preference, as the expected utilities of taking these two
paths are identical. An intention-driven agent may prefer the fixed-
future path, which allows the agent to demonstrate its commitment to
an intention, thereby shielding the agent from potential distractions. As

Crossroad

Open-ended path,
could lead to

both destinations

v
B

Fig. 4.. Design of Experiment 2.

Note. An agent at a crossroad. Agents can either choose a fixed-future path that
leads to one destination (yellow arrow) or an open-ended path that could lead
to both destinations (green arrow).
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intentional commitment can take time and effort (Bratman, 1987;
Harman, 1986), we also manipulated when the agent would face the
crossroad by varying the number of steps it took the agent to reach the
crossroad (Fig. 5D). We predicted that the self-binding effect would only
be observed if there were enough steps for humans to form an intention
before reaching a crossroad. As the new map demands more complicated
navigations, we also aim to replicate the “goal perseverance” results
with these richer map sets by adding a deliberate disruption at the end of
all trials, just like Experiment 1 (see Fig. 5C for an example map).

4.1. Method

4.1.1. Participants

A power analysis (power = 0.8, alpha = 0.05) using the effect size
(Cramer’s @ = 0.73) in Experiment 1 indicated that 20 human partici-
pants were sufficient for Experiment 2. Twenty participants (15 females;
Mgge = 20.9 years, SD = 2.0 years) were recruited in the same fashion as
in Experiment 1. All participants were paid 20 Chinese yuan for their
participation, and 5 Chinese yuan for completing the task effectively.

4.1.2. Design and procedure

The task and environment of Experiment 2a were identical to those
of Experiment 1, except as noted here. Depending on the design of the
barriers, there were three types of maps: the critical-crossroad maps, the
ambiguity-zone maps, and the random-barriers maps. The total number
of barriers in each map was fixed at 18 across all maps.

Critical-crossroad maps. These maps were designed to test “self-
binding.” At certain cells, the barriers form critical crossroads, where the
agent can choose between a fixed-future path and an open-ended path.
To explore the development of “self-binding” as a function of time, we
manipulated the steps-to-crossroad condition as the number of steps

A B
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required to reach the critical crossroad from the starting positions,
varying from [0, 1, 2, 4, 6] steps (see Fig. 5A for a 6-steps-to-crossroad
map; see Appendix B for details on how to arrange the blocks to achieve
this). To make the critical crossroad less salient and to cover the purpose
of the experiment, we also randomly scattered other barriers on the map
with the constraint that they did not block the shortest path to any
destination. The starting position of the agent was fixed at the corner of
the map so that the steps-to-crossroad could be controlled (see Appendix
B: Fig. S2 for example maps).

Ambiguity-zone maps. These maps were designed to test “goal
perseverance.” Barriers were carefully placed to create an ambiguity-
zone. Within this zone, the agent always lies at an equal distance from
the two destinations and, therefore, cannot reveal its destination. The
agent can leave this zone at step 10 (see Fig. 5B). Similar to Experiment
1, a deliberate disruption was implemented in the last trial, which
dragged the agent back into the ambiguity zone once it left the zone. In
this way, the agent was again placed in a position with equal distance to
the two destinations (Fig. 5C). The agent’s starting position was fixed at
the corner of the map, so that the steps the agent needed to take to leave
the ambiguity-zone were fixed.

The map of the last trial with deliberate disruption was fixed as an
ambiguity-zone map. All previous trials had a 1/12 chance of using the
ambiguity-zone map with random disruptions. The intermixing of
different types of maps also makes the critical crossroads less salient.

Random-barriers maps. To further increase the variety of maps so
that both the critical crossroad and ambiguity-zone became less salient,
we added random-barriers maps, in which all barriers were placed
randomly with only one constraint: the agent can reach at least one
destination without being trapped by barriers. The starting position of
the agent was randomly sampled from all grids.

To avoid participants randomly picking one destination without

C

Critical-crossroad map

Ambiguity-zone map

Deliberate disruption

o
5 [6] | | | |
n | |
Critical H ] ]
Cilosgr
é H N H N
. . <13 First position revealing
é . a destination .
= - - ; -
....... - . om ey
7 A
H B 1506 pusy [ |
| BE
o u .
D
@ o @ !
" m | n Di'l u n . n
e T T eEe s
HE N |
win | | | | | | | | |
[ I [ I (] I m
| | | | ]
H BN |
waEw | mEEN | | | - W |

Fig. 5.. Design of Experiment 2a.

Note. Panel A: Certain barriers form two critical crossroads. This is a 6-steps-to-crossroad condition, defined as the length of the shortest path (a sampled shortest path
is marked by the numbers) between the agent’s starting position and either of the critical crossroads is 6. Extra barriers are scattered within the red region marked by
the dashed line in the map. Barriers in this region do not block any of the shortest paths to any destination. Panel B: Barriers that form an ambiguity-zone, marked by
the orange dashed line. The numbers represent a sampled trajectory in this zone. Within this zone, the trajectory cannot reveal the agent’s destination. Leaving this
zone within nine steps lead to a suboptimal path, whereas leaving at step 10 reveals the agent’s destination. Panel C: Design of the deliberate disruption. Once an
agent revealed its destination, it was immediately pushed back into the ambiguity-zone at a position equally distant between the two destinations. All dashed lines in
the maps are only used to illustrate the design and were not visible in the experimental display. Panel D: Sampled maps for all five steps-to-crossroad conditions. From

left to right: steps 0, 1, 2, 4, 6.
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looking at the barriers on the map, the distances between the agent’s
starting position and the two destinations were not always identical and
could vary slightly with the distance-difference sampled from [0,1,2]. In
all types of maps, constrained by the distance-difference, the positions of
the two destinations were sampled with their Manhattan distances to the
agent varying from 10 to 20, with 15 as the mean.

Experiment 2 consisted of 289 trials. The first 288 trials were
designed to test the effect of “self-binding.” These trials consisted of 240
critical-crossroad maps with 48 trials in each of the five steps-to-
crossroad conditions (48 x 5 = 240), plus another 24 trials of
ambiguity-zone maps and 24 trials of random-barriers maps (240 + 24
+ 24 = 288). Similar to Experiment 1, in the first 288 trials, the random
disruptions occurred with a probability of 1/15 (roughly 1 drift per
trajectory), to push the agent to one of the 7 nearby cells. The last trial
was designed to test the “goal perseverance” with deliberate disruption,
using an ambiguity-zone map.

4.2. Results and discussion

4.2.1. Self-binding

“Self-binding” measures whether participants preferred the fixed-
future path to the open-ended path. We aimed to test whether the par-
ticipants’ choice of the fixed-future path was significantly different from
50%. We focused on analyzing critical-crossroad maps of equal-distance
destinations. Fig. 6 shows a pattern in which humans displayed a pref-
erence for the fixed-future path, with a mean percentage of choices
above the chance level of 50%. Furthermore, human preferences
developed over time, reaching a plateau at 4-steps-to-crossroad.

To test this pattern, we conducted a mixed-effects logistic regression
model to predict participants’ choices (0 = open-ended path, 1 = fixed-
future path) from steps-to-crossroad, with random intercepts included
for individual participants and individual maps. The fitted model indi-
cated that overall, human participants chose the fixed-future path more
often than the 50% chance (fintercepr = 0.29, OR = 1.34, 95%
C:1.08-1.66, p = .007). In addition, the main effect of steps-to-
crossroad was significant (y2(4) = 128.5, p < .001), suggesting that
this preference varied with different steps-to-crossroad.

To further inspect this main effect, we first tested participants’
choices against chance level for each step-to-crossroad condition, using
estimated marginal means with Bonferroni corrections. This analysis
revealed that human participants chose the fixed-future path more often
than chance in the 2,4,6 steps-to-crossroad conditions (predicted prob-
ability: 2-steps: 65%, 95%CI = [0.57, 0.72]; z = 3.63, p = .003; 4-steps:
86%, 95%CI = [0.79, 0.90]; z = 8.51, p < .001; 6-steps: 80%, 95%CI =
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Fig. 6.. Humans constrained their freedom with a bias towards the fixed-future
path.

Note. Percentage of fixed-future paths chosen as a function of steps-to-crossroad
on equal-distance maps. **p < .01, ***p < .001. The error bars indicate 95%
confidence intervals.
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[0.73, 0.85]; z = 7.15, p < .001). Post-hoc analysis using follow-up
paired comparison with Tukey’s correction further indicated that this
preference was much stronger in steps-4 and steps-6, compared than in
steps-2 (both ps < 0.001). The same mixed-effects logistic regression was
also conducted for the MDP model. As predicted, it showed no prefer-
ences in any of the steps-to-crossroad conditions (all ps > 0.5).

These results show that humans prefer a path that is locked to a fixed
destination. Moreover, this preference was not instantly revealed but
developed gradually. This is consistent with the theory that, unlike de-
sires, which often arise effortlessly, intention is a deliberate process that
requires time and effort (Bratman, 1987; Harman, 1986).

4.2.2. The consequence of self-binding: faster BToM inference

By preferring the fixed-future path, humans essentially exclude paths
that might render their potential destinations unclear. One consequence
of this self-binding could be that human intentions are easier to read
from the perspective of third-party observers. To confirm this, we
implemented a BToM model as the observer (Baker et al., 2009), which
infers destinations from trajectories in real time, following the inverse
planning principle:

P(Goal | Actiony.,, Environment)xP(Action,, | Goal, Environment)

P(Goal | Environment)

The BToM model infers the posterior probability of each destination
as the goal that the agent is pursuing, given a sequence of actions suc-
cessively executed from the beginning to the current time t. We focused
on the 6-steps-to-crossroad condition, as it has sufficient time steps for
humans to form an intention and establish commitment. We predicted
that the posterior of goal inference would converge faster when
observing human trajectories than when observing the MDP trajectories.
The BToM inferred posterior of the actual destination (finally reached)
in the equal-distance maps is shown in Fig. 7. As predicted, humans
revealed their actual destination much faster than the MDP model
(cluster-based permutation tests (Maris & Oostenveld, 2007) identified a
significant gap between humans and the MDP model from steps 6 to 11,
p < .001).

As this was an individual navigation task without an observer, a
faster BToM inference in human trajectories can be viewed as a self-
demonstration of intention. This implies that when forcing people to
make a stand at a crossroad, intentional commitment will lead to a path
that can facilitate the recognition of intention from a third-party’s
perspective. The implications of this self-demonstration interpretation
are elaborated in the General Discussion.

4.2.3. Goal perseverance
The “goal perseverance” result was consistent with Experiment 1: in

6-steps-to-crossroad
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Fig. 7.. Faster BToM inference in human trajectories.

Note. The posterior of the BToM inference for the agent’s actual destination as a
function of the number of steps in the 6-steps-to-crossroad condition. The error
shadows reflect 95% confidence intervals.
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the last trial with a deliberate disruption, human participants demon-
strated a bias towards the original destination (95% or 19/20) by
reaching it more often than the 50% chance (binomial test, p < .001). As
expected, the MDP model was consistent with the prediction of the
desire theory by showing no such bias (55% or 11/20) (binomial test, p
=.82).

In summary, this experiment showed two behavioral signatures of
intentional commitment in human sequential actions: “self-binding” and
“goal perseverance.”

4.2.4. Early commitment avoidance?

In addition, we also noticed an unexpected but intriguing pattern
showing that the numerical values of the choice of the fixed-future path
were actually lower than 50% in both steps-0 (42.8%) and steps-1
(43.95%), suggesting a possible “commitment avoidance” effect when
participants did not have enough time to deliberate. Nevertheless, this
numerical difference was not statistically significant, as shown by a
fitted mixed-effects logistic regression model with only an intercept
(steps-0: fintercept = —0.30, OR = 0.74, 95% CI:0.51-1.09, p = .126;
steps-1: Pintercept = —0.26, OR = 0.77, 95% CI:0.54-1.10, p = .15).
Whether “commitment avoidance” is a real phenomenon was further
explored in the following experiment.

Cognition 238 (2023) 105513

5. Experiment 2b: replicating the self-binding

Considering that “self-binding” has only been considered as a func-
tion of intention in special cases (Bratman, 1987), it’s striking that
Experiment 2a showed a spontaneous “self-binding” effect in a simple
navigation task without any instructions regarding intention. Given the
importance of this finding, in this experiment with a different group of
participants (from Amazon Mechanical Turk), we aimed to both repli-
cate the “self-binding” effect with a 4-steps-to-crossrad condition and to
explore whether the “commitment avoidance” was a real phenomenon
with a 0-steps-to-crossrad condition.

Furthermore, we also aimed to show that the bias towards one of the
two paths (open-ended vs. fixed-future) was indeed caused by whether a
path allows an agent to commit, rather than other low-level heuristics
based on the features of the map. We did this by using a between-
participants design. In the Open-Fixed Crossroad condition (Fig. 8A),
the design of the crossroad was the same as that of Experiment 2a, with
one open-ended and one fixed-future path. In the Open-Open Crossroad
condition (Fig. 8B), the configuration of the map was the same, except
that the positions of the destinations were shifted slightly so that both
paths at the crossroad were open ended. An intentional commitment
interpretation would predict that the “self-binding” effect would only be
observed in the Open-Fixed condition, whereas the map heuristic pre-
dicted the bias should be observed in both conditions. In addition, we
updated the layout of the crossroads to increase the variety of paths from

Fig. 8.. Design of Experiment 2b.
Note. Panel A: A 4-steps Open-Fixed Cross-
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the starting position to the crossroad to test whether the “self-binding”
effect could be generalized.

Due to the time constraints of running online experiments, we
focused on two time-step conditions that showed categorical differences
in Experiment 2a, the 0-steps-to-crossroad condition and the 4-steps-to-
crossroad condition. This experiment was preregistered on the Open
Science Framework https://osf.io/my92h

5.1. Method

5.1.1. Participants

The sample size was determined based on an a priori power analysis
using G*Power 3.1, with a presumed medium effect (Cohen’s g = 0.25)
for a two-tailed binomial test (power = 0.8, alpha = 0.05). We planned to
recruit 30 participants for each between-participants condition. Using
Amazon Mechanical Turk, we ended up recruiting 31 participants for the
Open-Fixed condition and 30 participants for the Open-Open condition.
The experiment lasted for approximately 15 min. Participants were paid
$1 for their participation, with the possibility of receiving an additional
bonus of $0.5 to $1.

5.1.2. Design

We used a 2 x 2 mixed design in this experiment. The crossroad-type
is a between-participants factor with two conditions: Open-Fixed and
Open-Open. The Open-Fixed condition was identical to Experiment 2a,
with the following exceptions. First, there were only two steps-to-
crossroad conditions: 0- and 4-steps-to-crossroad. Second, by adjusting
the configuration of the crossroad, there were many optimal paths that
could lead to a crossroad, with the last movement being either hori-
zontal or vertical (Fig. 8A). There were a total of 24 trials from which
data were collected, 8 trials for each of the two steps-to-crossroad con-
ditions, plus 8 trials with random maps. The order of these 24 trials was
randomized for each participant.

The Open-Open condition was exactly the same, except that the
positions of the two destinations were slightly shifted away from the
crossroad — one grid horizontally and one grid vertically, making both
paths at the crossroads open-ended (see Fig. 8B).

5.1.3. Procedure

The procedure of this experiment was identical to that of Experiment
2a, with the following adaptations for online participants: First, partic-
ipants were asked to complete three practice trials before proceeding to
the 24 formal trials. The practice trials were followed by a four-question
test to check participants’ understanding of the task. Participants who
failed any of the questions were excluded from the analysis and
replaced. Second, to maintain participants’ focus during the experiment,
they were given extra monetary bonuses (up to $1) depending on the
steps of their trajectories, relative to those of the optimal trajectories. In
addition, if participants took a trajectory that was >10 steps longer than
the length of the optimal trajectory in a trial, a red warning text (“Took
too many steps! Please use fewer steps”) was displayed on the screen,
and the participants had to press a button next to the text to continue the
task. We also recorded the time in addition to the total number of steps
taken by the participants to complete each trial. We excluded trials from
further analysis if these two measures deviated by more than three
standard deviations from the mean. We removed 2% (8/496) trials in
the Open-Fixed condition and 3% (14/480) trials in the Open-Open
condition.

5.2. Results and discussion

5.2.1. Self-binding

The measure of the “self-binding” effect in the Open-Fixed condition
was the same as in Experiment 2a. The analysis of the Open-Open
condition was identical to that of the Open-Fixed condition, except
that the “fixed-future path” was labeled as the “original fixed-future
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path,” as this path was now open-ended in the new map.

Fig. 9 shows that in the Open-Fixed condition, the mean percentage
of human participants choosing the fixed-future path was above the 50%
chance for the 4-steps-to-crossroad condition, but below 50% for the 0-
steps-to-crossroad condition (Fig. 9A). In contrast, in the Open-Open
condition, the percentage of participants choosing the originally fixed
future path was at chance for both 4- and 0-steps-to-crossroad (Fig. 9B).
To test the statistical significance of this observation, we conducted a
mixed-effects logistic regression model to predict participants’ choices
(0 = open-ended path, 1 = fixed-future path), with fixed effects for
crossroad-type, steps-to-crossroad, and their interactions and random
intercepts for individual participants and individual maps. We found a
significant interaction between crossroad-type and steps-to-crossroad
(r?(1) = 16.56, p < .001). We further inspected this interaction by
conducting a post-hoc analysis using the estimated marginal means with
Bonferroni correction. The analysis yielded several interesting results.
First, in the Open-Fixed condition with the 4-steps-to-crossroad, the
percentage of participants choosing the fixed future path was signifi-
cantly higher than chance (M = 0.64, 95% CI = [0.56, 0.71], z = 3.45, p
= .002). This replicated the “self-binding” effect in Experiment 2a.
Second, in the same crossroad condition with O-steps-to-crossroad, the
percentage of participants choosing the fixed future path was signifi-
cantly lower than chance (M = 0.34, 95% CI = [0.27, 0.42], 2 =3.91,p
< .001). This result confirmed the numerical observation in Experiment
2a, reflecting a phenomenon that we interpreted as a type of “commit-
ment avoidance.” That is, when people did not have sufficient time to
deliberate, instead of choosing paths randomly, they preferred a path
that allowed them to keep their choices open. Third, in the Open-Open
condition, in both 4-steps- and 0-steps-to-crossroad, the percentage of
choosing the original fixed-future path did not differ from chance (0-
steps-to, M = 0.45, 95% CI = [0.38, 0.53], z = 3.91, p = .96; 4-steps, M
=0.48,95% CI = [0.4, 0.56], z = 3.91, p = 1). These results suggest that
the different bias observed in the Open-Fixed condition was not due to
low-level features of the crossroad configurations, but due to whether a
path could lead to a fixed destination. The same statistical analysis was
also conducted for the MDP model. As predicted by the desire theory, the
MDP showed no preference for any path in all steps-to-crossroad con-
ditions (all ps > 0.5).

5.2.2. The consequence of self-binding: faster BToM inference

Following the same strategy as in Experiment 2a, we also conducted
a BToM analysis on the Open-Fixed condition to reveal the consequence
of the “self-binding” from a third-party perspective. The BToM inferred
posterior of the actual destination (finally reached) was plotted in
Fig. 10. As predicted, humans revealed their actual destination much
faster than the MDP model in the 4-steps-to-crossroad condition (cluster-
based permutation tests identified a significant gap between humans
and the MDP model from steps 4 to 9, p < .001).

Taken together, the “self-binding” and “commitment avoidance”
effects demonstrate the richness of how intentional commitment shapes
human sequential actions over time. The findings suggest that, at a
crossroad, when humans have sufficient time to consider their options,
they are more likely to bind themselves to a path that can better
demonstrate their commitment. On the other hand, when confronted
with a decision that must be made quickly, such as at the beginning of
navigation, people tend to choose a path that allows them to retain their
options.

6. Experiment 3: commitment as temporal leap

In this experiment, we explored the partial planning nature as one
important function of intention (Bratman, 1987). Agents with partial
planning are capable of forming future goals even when the current goal
has not yet been achieved. Thus, we hypothesized a “temporal leap”
prediction that the agent will be biased towards the very next promised
future in the chain of commitments, even though new emerging
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opportunities at that time have made that future suboptimal.

We tested the “temporal leap” hypothesis with a Pac-Man-like task
that required participants to pursue a stream of destinations, with the
constraint that only two destinations were available at any given time.
This was achieved by removing a destination from the map once it had
been reached by the agent, and simultaneously adding a new destination
at arandom location. In this way, there were always two destinations on
the map: one left over from the previous trial (the old destination) and
one newly added destination (the new destination). If humans sponta-
neously make partial plans that include not only the current destination
but also the subsequent destination, then a commitment to the old
destination has already been formed before the presentation of the new
destination. Similar to Experiment 1, when the old and new destinations
are equidistant from the agent, the intention theory predicts that
humans would tend to resist re-planning and demonstrate a bias towards
the old destination. In contrast, the desire theory predicts no bias since
the expected utilities of reaching both destinations are the same. In
addition, the bias can also be revealed by the human reaction time for
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initiating the next navigation after reaching the current destination.
Only the intention theory, and not the desire theory, predicts that the
reaction time of moving towards the new destination should be slower
due to the resistance to re-planning that comes with commitment.

6.1. Method

6.1.1. Participants

The sample size was determined in the same way as in Experiment
2a. Twenty participants (12 females; Mg, = 21.3 years, SD = 2.1 years)
were recruited for this experiment. All participants were paid 20 Chinese
yuan for their participation, and 5 Chinese yuan for completing the task
effectively.

6.1.2. Design and procedure

The maps in Experiment 3 were similar to those in Experiment 1,
with only one agent and two destinations on the map and no barriers.
The main difference was that this experiment required continuous
navigation through a stream of destinations, with the reached destina-
tion disappearing and a new destination appearing, similar to the Pac-
Man game. At the start of the experiment, an agent was positioned on
a grid with two destinations at an equal Manhattan distance away from
it. A trial ended when the agent reached one destination, followed
immediately by another trial. In the next trial, the unchosen destination
from the previous trial remained in the same location, and a new
destination was added to the map (see Fig. 11).

The position of each newly presented destination was systematically
manipulated according to the difference between the distance from the
agent to the new destination and the distance from the agent to the
original destination. Each trial was pseudo-randomly assigned to one of
seven distance-difference conditions: [-5, —3, —1, 0, 1, 3, 5], with
positive values indicating that the old destination was closer. In addition
to the distance-difference constraint, the position of the new destination
was chosen to encourage the paths to the two destinations to diverge as
much as possible by maximizing the angle ‘old destination - agent - new
destination.” The environment of this game was deterministic, without
any random or deliberate disruptions.

There were 45 trials for each distance-difference condition, for a
total of 315 trials, which were randomly grouped into 7 blocks, with
each block continuing to present 45 random trials. The first trial in each
block was excluded from the analysis as it started the block with two



S. Cheng et al. Cognition 238 (2023) 105513
C
Reaching the
old destination
A B :
A v
N | |
N New Old
). : e N destination C ~ destination B
. Destination A Destination A /
1 1
A disappeared K
- D
4 Reaching the " \
4 destination A [ | N [ | \
i [, \ -
i Destination B New oid Y o
D, (1) destination C  destination B| Y
appears stays ‘\‘ @ Reaching the
i new destination
h 4
[ | [ |
New 0Old

Fig. 11.. Navigating to a chain of two destinations in Experiment 3.

destination C = destination B

Note. Panel A: At any moment, there were always two destinations (green squares) for an agent (blue circles) to choose from. Panel B: Once the agent reached a
destination (A), this destination disappeared. The other destination (B) stayed as the old destination, and a new destination (C) appeared at a new location. The
distance-difference in this map is —5 (5-10). Panel C: The agent chose to pursue the old destination B. Panel D: Alternatively, the agent chose to pursue the new

destination C.

simultaneously presented destinations. There was a self-paced break
between the blocks for the participants to rest.

The instructions given to the participants emphasized the impor-
tance of task performance in terms of reaching the destinations as fast as
possible, without mentioning any difference between the old and new
destinations. Specifically, participants were told that they would play a
Pac-Man-like game with the following instructions: First, they would
control an agent who needs to eat as many dots as possible in a given
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period of time. Second, there are only two dots on the screen at any
given time. When a dot is eaten, a new dot appears in a new location
simultaneously. Third, they would earn an additional monetary bonus if
they followed the instructions by achieving high performance in all
seven blocks.
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Note. Panel A: Percentage of trials in which agents reached the old destination from the equal-distance condition and averaged across all distance conditions. Panel B:
Result of all distance conditions. Percentage of choosing the old destination and curves fitted by logistic regression. The error bars indicate 95% confidence intervals.
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6.2. Results and discussion

6.2.1. Temporal leap

As shown in Fig. 12, human participants chose the old destination
more often than the new destination both when focusing on the equal-
distance condition (distance-difference = 0) and when including all
conditions (with the mean distance-difference being 0). To test the
statistical significance of these results, we first analyzed the data from
the equal-distances condition, using a mixed-effects logistic regression
model to predict human participants’ choices (0 = new destination, 1 =
old destination) with a random intercept for individual participants.
This analysis revealed a significant positive intercept coefficient
(Pintercept = 0.293, OR = 1.34, 95% CI:1.08-1.65, p = .007), suggesting
that participants chose the old destination more often than 50%.

We then analyzed data from all distance-difference conditions with a
similar mixed-effects logistic regression model, which also included
distance-difference as a fixed effect. This analysis revealed that distance-
difference had a significant main effect on participants’ destination
choices (= 0.56, OR = 1.76, 95% CI:1.70-1.81, p < .001), showing that
as the distance difference between two destinations increased, people
tended to choose the closer destination more often. This suggests that
humans’ choices between the old and new destinations were largely
rational in terms of utility maximization. However, the old and new
destinations were indeed treated differently, as evidenced by a signifi-
cant positive intercept coefficient (Binercept = 0.47, OR = 1.59, 95%
CI:1.14-2.23, p = .006), suggesting that participants chose the old
destination more often than 50% chance. Moreover, as shown in the
fitted curve (Fig. 12B), with the same absolute value of distance-
difference, humans were more likely to choose the further destination
when it was the old destination (negative distance-difference) than
when it was the new destination (positive distance-difference). We
highlighted this asymmetry by focusing on the most extreme distance-
difference conditions (—5 and 5). When the far destination was the old
one (distance-difference = —5), it was chosen in 17% of the trials;
whereas when the far destination was the new one (distance-difference
= 5), it was chosen in only 4% of the trials. The difference was signifi-
cant (paired t-test, t(19) = 2.87, p = .001, d = 1.07).

The same mixed-effects logistic regressions were also conducted for
the MDP model. As predicted by the desire theory, there was no bias
towards the old or new destination when analyzing the equal-distance
condition (fintercept = —0.07, OR = 0.93, 95% CI:0.8-1.09, p = .37) or
when analyzing all conditions (fintercepr = —0.07, OR = 0.92, 95%
CL:0.79-1.08, p = .314).

The human bias was also observed in their reaction time of initiating
a new navigation. In the equal-distance condition, participants took less
time to initiate their first action towards the old destinations (353 ms,
95% CI [291 ms, 416 ms]) than towards the new destinations (405 ms,
95% CI [336 ms, 475 ms]) (paired t-test, t(19) = —2.33,p = .031,d =
0.37). Similar results were also found when analyzing all conditions (to
the old destination: 347 ms; 95% CI [291 ms, 405 ms]; to the new
destination: 406 ms; 95% CI [346 ms, 465 ms]; paired t-test, t(19) =
—5.65, p < .001, Cohen’s d = 0.47). These results suggest that humans
were more prepared to choose the old destinations.

We further explored whether this bias could affect a third-party
observer’s inference of humans’ destination by observing their trajec-
tories. If humans were indeed more prepared to pursue the old desti-
nation through partial planning, they might also reveal their
destinations more quickly when they were reaching the old destination.
We tested this hypothesis by applying the BToM model to infer the
destinations of human trajectories. We focused on the equal-distance
condition, as the length of the trajectory to the two destinations was
about the same, we can easily demonstrate their posterior differences
over the course of the navigation. As shown in Fig. 13A, humans
revealed their destinations faster when they were the old rather than the
new destinations (cluster-based permutation tests identified a signifi-
cant gap from 6.7% to 46.7% of the trajectory, p = .018). The same
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BToM analysis was also conducted for the MDP model, as predicted by
the desire theory, it showed no such bias (Fig. 13B). The BToM results
for all distance-difference conditions showed similar patterns, albeit
with larger variance (see Appendix, Fig. S3). Taken together, the BToM
results showed that when humans navigated to a destination consistent
with their partial plans, the speed of revealing their intentions was
accelerated.

In summary, this experiment demonstrated the “temporal leap” na-
ture of human intention as forming partial plans with a spontaneous
commitment to a distant future, even before reaching a proximal one.
This commitment can be revoked, so that humans can re-plan, with the
percentage of choosing the closer destination increases when the dis-
tance difference between the two destinations increases. However,
revoking a partial plan must meet the resistance of the intentional
commitment, which can still cause inertia that biases humans towards
the old destination. This bias makes them choose the old destination
more often, initiate the navigation more quickly, and reveal this pre-
committed intention through their actions more promptly.

7. General discussion

Our results showed that humans spontaneously commit to intention
when facing conflicting desires with three distinctive behavioral signa-
tures. The first one is “goal perseverance.” Experiments 1 and 2 showed
that humans pursued their goals persistently by fighting the disruption
and continually pursuing the original one. The second behavior signa-
ture is “self-binding,” where humans preferred a fixed-future path
without the opportunity to be distracted. It is also noteworthy that this
preference gradually emerged over time, which is consistent with the
prediction that intentional commitment takes time and effort (Harman,
1986). The last characteristic is the “temporal leap” in partial planning,
with which humans plan their actions with a long-term horizon—a
future goal is formed while the current goal is still in pursuit.

7.1. Comparing humans with MDP

Throughout the study, we analyzed humans and the MDP results
side-by-side in the same way. In most cases, the MDP results confirmed
the straightforward predictions of the desire theory that a desire-driven
agent should not show “goal perseverance,” “self-binding,” and “tem-
poral leap.” From a technical perspective, this confirmation is important
due to the sequential nature of the navigation task. In sequential
decision-making, a rational action in a state is chosen based on this
action’s expected cumulative reward, which is the sum of all future re-
wards by taking future actions following the agents’ policy (Sutton &
Barto, 1998). Therefore, the setup in one region of the map may subtly
influence the actions far from that region. Due to the existence of action
noise and complicated barriers in our tasks, it is reassuring to see that
the MDP results confirmed all the null effects predicted by the desire
theory, suggesting the significant results from humans were not due to
unexpected side effects of the task setup. From a theoretical perspective,
algorithms following reward maximization have increasingly become
tools for understanding human mental states through their actions in
both adults and developmental studies (for a review, see Jara-Ettinger,
2019). The discrepancy between the MDP and human results system-
atically demonstrated in our study suggest that future studies should be
cautious when using MDP as an approximation of human planning,
especially when multiple resources of rewards are presented as con-
flicting desires.

7.2. Intentional commitment: a bug or a feature?

Our study showed that the human mind regulates conflicting desires
by intention with a commitment to a fixed future, thus deviating from an
MDP model that only acts to maximize expected utility. One straight-
forward interpretation is that these results show a “bug” in the human
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mind, adding another example to the long list of human irrational de-
cisions — they could not even follow the shortest path to a goal on a
simple 2D map without barriers, as in Experiments 1 and 3. They cling to
prior inertia and resist re-planning, even when the environmental
changes have made their intentions suboptimal.

Alternatively, intentional commitment may be viewed as a “feature”
of the mind that serves important functions. It should be noted that
planning in the real world can be extremely complex. Such problems
involve huge action and state spaces with a long-time horizon—how
would you find the optimal solution to achieve a successful and happy
life? As nicely summarized in a recent book comparing human and
machine intelligence, planning in a human lifetime involves approxi-
mately 20 trillion decisions (Russell, 2019). No model, human or MDPs,
can claim to find the optimal solution in this vast space. Ultimately, any
model would have to impose certain constraints to simplify the process
of solving problems at the cost of being suboptimal in some edge cases.
In this way, intentional commitment may serve as a constraint for two
purposes: (a) computational efficiency, by allowing the model to make
simplified decisions, and (b) facilitating coordination, by providing a
predictable future to support one’s coordination both with future selves
and with other people. These functions are not necessarily mutually
exclusive, and both may contribute to the value of intentional commit-
ment as a feature of the human mind. They may jointly explain the
various behavioral signatures observed in this study.

7.3. Computationally bounded rationality

The bounded rationality (Bratman, 1987; Simon, 1955) has played
an important role in explaining human bias from a rational perspective
(Dasgupta, Schulz, Tenenbaum, & Gershman, 2020; Gershman, 2021),
and has been incorporated in recent computational studies for modeling
efficient, human-like planning that take into account of the costs of
computation (Callaway et al., 2022; Ho et al., 2022; Lieder & Griffiths,
2019). This computationally bounded rationality (CBR for short) can
explain the “goal perseverance” in Experiments 1 and 2. Intentional
commitment allows humans to form a plan with a course of actions
leading to a fixed-future. This reduces the demand for real-time online
computations, as humans only need to adhere to the plan at each step. As
a result, switching to a new goal can increase the computational costs in
two ways. First, the switch itself may involve cognitive control that
consumes mental effort (for a review, see Shenhav et al., 2017). Second,
the pursuit of a new goal requires abandonment of the previous plan and
the formation of a new plan involving additional computations.
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Therefore, to avoid these two additional computations, humans tend to
refuse to re-plan, even if the original plan becomes sub-optimal in terms
of the length of the path. The same explanation applies to the “temporal
leap” effect in Experiment 3. If a partial plan for a destination has
already been formed, humans tend to resist re-planning even when the
presence of a new destination makes the original destination sub-
optimal. In addition, by planning ahead with a chain of intentions,
humans can reduce deliberation during online decision-making, as they
can simply follow the plan.

CBR may also explain the “self-binding” effect in Experiment 2. One
can reasonably assume that intention can reduce the computational load
by focusing on a fixed-future, rather than evaluating the expectations of
multiple futures. Therefore, taking the fixed-future path is less mentally
demanding because it involves planning for only one destination,
whereas the open-ended path requires humans to always evaluate their
actions with respect to two destinations, which is more mentally
demanding. By taking the fixed future path, humans take advantage of
the environment, making one destination objectively suboptimal on that
path, so that humans are no longer mentally distracted by it.

However, the CBR explanation of intention also faces challenges.
First, while some of our maps involve carefully arranged barriers, others
are just plain 2D grids without any barriers. Intuitively, planning and
replanning in these simple maps is not computationally demanding.
Therefore, the results from these simple maps may not provide the most
convincing evidence to support the CBR account of intentional
commitment. Parallel to our work, a recent study also found a “goal
persistence” effect that is similar to the “goal perseverance” reported
here (Chu & Schulz, 2022). In this study, participants were presented
with cartoons depicting two moral goals (e.g., helping a hungry or lost
kitten) and were asked to choose one. An explicit aim of this task is to
minimize cognitive load, both for the plan and goal switch. Despite the
simplicity of the task, both adults and children (aged 4-6 years) tended
to stick to their originally chosen goal, even when a later-present cost
associated with it was higher than that of the alternative. This suggests
that even in tasks where the cognitive load is negligible, intentional
commitment can still occur. To further reveal the role of computational
cost in intentional commitment, it would be interesting to explore how
commitment varies as a function of the computational demands of the
task in future studies.

In addition, certain results in our study are difficult to explain by the
CBR. In particular, the “commitment avoidance” effect in Experiment 2b
suggests that when humans did not have enough time to deliberate, they
tended to prefer the open-ended path to keep their options open. This
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runs counter to the CBR explanation that fixed-future is more compu-
tationally effective. Moreover, arguably, deciding whether a path is
fixed or open-ended also involves considerable computation — partici-
pants need to evaluate and compare the expected utility of each desti-
nation along each path. It is unclear how the benefit of taking the fixed
future path can outweigh the cognitive cost of comparing these two
paths in the first place. It may be more computationally efficient if one
just randomly chooses a path instead of carefully comparing them.

CBR will very likely play an important role in the computational
model of intention, with several open questions that need be addressed
in future work. One simple, perhaps naive, way for handling computa-
tionally demanding multiple desires is to implement intention by
randomly selecting one of the conflicting desires and committing to it.
This approach can certainly model the “goal perseverance” effect (in
Experiments 1 and 2) to some extent, since this model would only pursue
one designated destination until it has been reached. However, it will
not be able to explain the “self-binding” effect, as the open-ended path
does not hinder the reach of any destinations. More critically, this
random choice assumption may trivialize the question of how an agent
can choose randomly in the first place, and fails to connect to some in-
depth discussion of how intentions are formed (Harman, 1986; Fur-
stenberg, Breska, Sompolinsky, & Deouell, 2015). To capture the
intention formation process thus explain the gradually emerging
self-binding effect (Experiments 2a and 2b), CBR approach must assume
that the computational cost of following the fixed-future and
open-ended paths vary as a function of the steps-to-crossroad. However,
forming an intention requires deliberation which takes time and effort
(Harman, 1986). Maintaining an intention also requires continuous
devotion of effort, without which, the intention will fail due to a
weakness of will (Holton, 1999). Arguably, these deliberate processes
consume humans’ limited computational resources. It is unclear how the
additional computational burden of intention can be justified in a
framework that emphasizes computational efficiency. These open
questions need to be addressed in future studies. It is very likely that a
cognitive theory of intention and its prediction of behavior will ulti-
mately be consistent with CBR. However, we argue that in order to
arrive at such a theory, it is important to bring in perspectives beyond
CBR to uncover the mental representations involved in human planning
with intentional commitment. Revealing these representations is
necessary for quantifying the computational cost of manipulating them
in the first place.

7.4. Internalized ToM as an inner eye

Beyond computational efficiency, another important function of
intentional commitment could be that it makes human actions more
predictable (Bratman, 1987; Michael, 2022). Therefore, it is easier for an
intention-agent to arrange long-term plans by coordinating with its
future self as well as coordinating with other agents (Bratman, 2018).
Unlike many artificial intelligence agents that are often designed to
solve specific tasks, humans frequently encounter tasks that are
embedded within complex networks. Navigating between these inter-
twined tasks provides a high degree of freedom; however, excessive
flexibility can pose a significant challenge when it comes to coordina-
tion. Imagine our ancestors hunting mammoths together; they would not
stand a chance unless they all committed to one of the prey simulta-
neously and persistently. Any flexibility in that commitment might place
the entire group in peril. For these reasons, intention and commitment
has been studied primarily in the social context across various fields,
including philosophy (e.g., Gilbert, 2013), developmental psychology
(e.g., Siposova, Tomasello, & Carpenter, 2018; Tomasello, Carpenter,
Call, Behne, & Moll, 2005), moral psychology (e.g., Cushman, 2015;
Lombrozo, 2009) and computational modeling (e.g., Kleiman-Weiner
etal., 2016; Tang et al., 2022). In the social cooperative context, one not
only needs to form an intention with commitment but also to demon-
strate that intention to others (Dragan, Lee, & Srinivasa, 2013; Goffman,
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1959; Ho et al., 2016; Shafto, Goodman, & Griffiths, 2014).

Importantly, the cognitive capacity developed for cooperation is not
limited to situations where people interact with others. Instead, it can be
internalized through socialization and manifest in individual actions
(Vygotsky, 1978). Thus, even when acting alone, without external
evaluation from others, humans may still reflect on their own actions
with this internalized socialization as their “inner eye” (Humphrey,
2002). In collaborative settings, demonstrating one’s intentions is as
crucial as understanding others’ intentions (Tomasello, 2010). To gain
an evolutionary advantage, it is essential to turn ToM inwards to make
one’s own mind more readable from an objective perspective. This in-
volves online monitoring of the consequences of one’s own decision-
making process, such as what mental states one’s own actions will
convey in the eyes of others. In this sense, ToM is being internalized as a
type of metacognition (Bandura, 1989; Flavell, 1979). Indeed, it has
been argued that metacognition originates from monitoring the minds of
others and is built on internalized ToM (Carruthers, 2009; Gopnik, 1993;
Heyes, Bang, Shea, Frith, & Fleming, 2020). Our results were in line with
this internalized ToM hypothesis: even in an individual task, human
actions concern not only their efficiency, but also how their intentions
will be recognized by ToM as an internalized third-party observer. We
now interpret our results from this perspective, while acknowledging
that the current study was not specifically designed to test the inter-
nalized ToM hypothesis.

The “goal perseverance” effect in Experiments 1 and 2 suggested that
humans maintained a clear intention by not changing the destination
during the course of their actions. This was evidenced by the humans’
higher consistency between the destination first revealed by the agent
and the final destination they reached. This consistency can support a
third-party observer’s prediction of an agent’s intention once it is
revealed. Moreover, a follow-up study has further supported this inter-
pretation by showing that the “goal perseverance” effect becomes
stronger when an actual third-party observer watches the participant
doing the task or when the participant performing the task in parallel
with another participant in the same map without any interactions
(Cheng et al., 2022a). Similarly, in Experiment 3, by forming partial
plans for the distant future, humans made their actions more predictable
in the sense that a third-party observer could already predict humans’
future destinations in advance.

The most delicate results on how human planning interacts with ToM
come from Experiments 2a and 2b, in which we used carefully designed
crossroads to probe the mental process of choosing different paths. At
the crossroad, humans were forced to choose between two paths that
were equally efficient in terms of expected utilities, but different in the
eyes of a third-party observer. The fixed-future path allows for a clear
interpretation of intention, whereas the open-ended path delays such a
clear interpretation. In addition, the preference of paths may not be
fixed but may change over time, as the formation of intention is a
deliberative process that takes time and effort (Harman, 1986). The
relationship between deliberation, commitment, and their consequences
is nicely captured by the ancient Chinese philosopher Laozi, who states
that “those who make promises lightly should seldom be believed.” This
statement implies that commitments have a binding force that con-
strains human behavior; therefore, one should not make commitments
hastily without proper deliberation. Consistent with this perspective,
Experiment 2a showed that humans tended to demonstrate intentional
commitment only after they had taken sufficient steps to form an
intention. In Experiment 2b, we not only replicated this “self-binding”
effect at a late stage of navigation, but also zoomed in on the early stage
of navigation, which showed a significant “commitment avoidance”
effect, in which humans preferred the open-ended path when the
crossroad was approached immediately. This flip-flop of preference
cannot be explained by the desire theory, which should be indifferent to
the difference between the fixed and open-ended paths, as confirmed by
the MDP results. Instead, human results indicated that humans did
commit, but they did not do so lightly, as Laozi suggested. These results
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again are consistent with the metacognitive perspective that when
humans have not made a decision, they do not just “sit back,” as Searle
has put it, and let the conflicting desires lead to random choices. Instead,
they deliberately kept their choices open until they made up their minds.
Taken together, the internalized ToM offers a perspective that pro-
vides a coherent interpretation of the various effects overed here. We
show that, from a third-party perspective, recognizing intention from
human trajectories is quite different from recognizing intention from the
trajectories of a purely desire-driven agent. The behavioral signatures
showing how and when humans commit are consistent with the
perspective that one function of intention is to make human actions
more predictable and interpretable, thereby supporting coordination.

7.5. Towards a computational model of intention

Following the internalized ToM framework, intention can be
modeled as a distinctive mental state that functions as a form of meta-
cognition. This modeling approach can be built on the existing Bayesian
modeling of ToM. Bayesian ToM assumes that mental states, including
intentions, are unknown and have to be inferred from the observed ac-
tions using Bayes’ rule. To turn this Bayesian ToM inwards as an “inner
eye” (Humphrey, 2002) for analyzing one’s own actions, one has to
assume that humans do not know their own intentions, and have to infer
them by observing their own actions. While this intention-after-action
assumption sounds counterintuitive, it has been supported by neuro-
scientific evidence showing that the neural signal to initiate an action
occurs before humans are aware of the decision to take that action (Libet,
1985; Soon, Brass, Heinze, & Haynes, 2008). These findings lead to the
theory that the decision itself may not cause the action, but rather severs
as a post hoc explanation of one’s own action (Wegner & Wheatley,
1999; Wegner, 2002; Pockett, 2006; for a recent review, see Pacherie,
2011). Neuropsychological evidence is also consistent with the philo-
sophical arguments that humans may constantly confabulate a reason
for their own actions, treating them as if they are governed by a clear-cut
intention rather than a complex interplay of various candidates (Den-
nett, 1996, p. 128).

Critically, the internalized ToM we propose here assumes that while
intention formation may involve post hoc explanation, intention itself is
not merely a post hoc explanation or an epiphenomenal by-product (for
neuroscience evidence, see Haggard, 2005). Our behavioral results
demonstrate that intentions effectively guide participants through a
course of actions with commitment, even if they may be absent at the
beginning of sequential actions. To integrate Bayesian ToM, neurosci-
entific evidence of intention-after-action, and the behavioral signatures
of intentional commitment in the current study, we propose a boot-
strapping process between intention and action. In the beginning of an
intentional action, as neuroscience findings suggested (Haggard, 2005;
Libet, 1985), humans act spontaneously without a clear intention. Next,
an online internalized ToM observes these actions and explains them
with a probabilistic distribution of possible intentions. This probabilistic
inference of intention is not epiphenomenal, but will have a real impact
on future actions, with the more likely intention having a larger chance
in deciding the very next action. This new action will then be observed
by the internalized ToM, which will reinforce the intention that best
explains it. This positive feedback loop allows the model to converge
quickly on a single clear-cut intention that drives future actions. Using
ToM for bootstrapping an intention has been successfully applied in
cooperation contexts, where a group of agents initially do not know their
joint plan, but must use ToM to infer it by observing the group actions
(Shum, Kleiman-Weiner, Littman, & Tenenbaum, 2019; Tang et al.,
2022; Tang, Stacy, Zhao, Marquez, & Gao, 2020; Wu et al., 2021). This
bootstrapping process has also been implemented in a recent study to
model the “self-binding” effect in the individual task reported in this
study (Cheng et al., 2022b). It is interesting to note that similar boot-
strapping processes can be applied to both cooperative and individual
tasks. This is consistent with the view that internalized ToM as a
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metacognitive process may originate from the ability developed for so-
cial coordination (Carruthers, 2009; Gopnik, 1993; Heyes et al., 2020).

7.6. Conclusions and future directions

The current study provides converging evidence demonstrating that
intention is a distinctive mental state beyond desire. We revealed three
behavioral phenomena indicative of spontaneous intentional commit-
ment that cannot be explained by a pure desire-driven agent: goal
perseverance, self-binding, and temporal leap. Each of these phenomena
was uncovered using a new psychophysical paradigm, with an emphasis
on action planning amidst two equally desirable options.

Establishing intention as a distinctive mental state is crucial for
studying the psychology of agency, influencing both decision-making
and ToM. On the modeling side, our work connects to an extensive
body of research utilizing MDP. It suggests that while MDP can continue
to serve as a useful “planning engine” in modeling human actions and
ToM, caution should be exercised when dealing with conflicting desires.
The present study has also sparked several ongoing projects exploring
the social-cognitive mechanisms of intentional commitment. For
instance, one study discovered that intention may have a social origin,
with participants demonstrating stronger intentional commitment when
observed by another person (Cheng et al., 2022a). This led to an inner-
eye computational model of intention: humans censor their actions to
allow a third-party observer to more easily reads their intentions (Cheng
etal., 2022b). More recently, a developmental study showed that by age
six, but not at five, children acted with intentional commitment similar
to adults. Furthermore, it revealed that commitment correlated with
individual children’s executive control, supporting the idea that inten-
tion is a deliberate process for regulating desires (Zhai, Cheng, Mosko-
witz, Shen, & Gao, in press). While there is a growing body of empirical
research exploring commitment in the context of cooperation and
communication (Grafenhain, Behne, Carpenter, & Tomasello, 2009;
Hamann, Warneken, & Tomasello, 2012; Székely & Michael, 2018), it
would be interesting to further explore the connections between the
cognitive mechanisms that support individual commitment and joint
commitment in the future. On a broader scale, as our study was largely
inspired by philosophical theories of agency, we hope it will motivate
more psychological studies that blend philosophical insights with
empirical experimentation, thereby enhancing our understanding of
human agency.
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Appendix A

MDP model

We employed the Markov decision process (MDP) as an implementation of the desire
theory following the MEU principle, in which desires are defined as the reward function, and
an agent acts to maximize its expected long-term future rewards. The definition of an MDP
includes a state space S, an action space A, a transition function, T'(s, a); a utility function,
R(s, a). The solution of an MDP is an optimal policy m, which takes s as input, and outputs a
probabilistic distribution of actions given s, P;(a|s). An agent acts by sampling an action
from this distribution. The above definition and the solution of an MDP do not involve a
formulation of intention.
State Space

The agent’s state was its location, defined as a tuple with 2D coordinates
(X_coordinate,Y_coordinate). In Experiments 1 and 3, the size of the state space was 225,
including each cell in a 15x15 map. In Experiments 2a and 2b, the cells occupied by a barrier
were excluded from the state space.
Action Space

In all experiments, the agent can travel one cell in one of four directions: a €
{(0,1), (1,0), (0, =1), (=1,0)}.
Transition function

The transition function takes state s and action a as input and outputs p(s’), a
probability distribution of the next state s’. In all experiments, the two destinations were set
as the termination states. In Experiment 1, the agent could reach only four nearby states. The
agent moved to the cell in the direction of its action with a probability of 9/10, with the other

nearby cells evenly splitting the rest of the probability of 1/10 (transition noise). In
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Experiments 2a and 2b, the noise could push the agent to one of the eight nearby cells. With a
probability of 14/15, the agent moved to the cell in the direction of its action, with the other
seven nearby cells evenly splitting the remaining probability of 1/15. Experiment 3 was
identical to Experiment 1, except that the transition noise was 0.
Reward function

The reward function takes state s and action a as the input, and outputs a scalar as the
short-term reward. In all the experiments, the reward had two components: 30 for reaching
any of the destinations and, -1/30 for every movement on the map.
Solving MDP

The optimal policy of the MDP was solved by value iteration using the Bellman
optimality equation (Bellman, 1957) of the value function V. This was an iterative
bootstrapping process.

At time 7+1, the new value function V;; is derived from the value function V;. The

optimal value function V*can be found when this iterative process converges:

V(s = max [R(s, a) + yz p(s' |s,a)V*(s") (1D

SES

Where y is the discount factor. In all the MDP simulations, y was fixed to 0.9, which
is a commonly used value.
Policy

The optimal policy can be derived from the optimal value function VV* in two steps:

First, we derived the optimal action-value Q* from V*:

Q'(5,0) =RGs,@)+7 ) p(s' |5,V (5") @)

SES

Then, we derived a Boltzmann policy as proportional to Q*(s, a), indicating the

probability of taking an action a given its state s,
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P.(als) «xexp(BQ*(s,a)) (3)

The Boltzmann policy took [ as a rationality parameter. When § — 0, the agent acts
in a more random way; when [ — oo, the agent chooses the action greedily based on the
optimal Q-value. Here we chose f§ = 2.5 following previous studies that modeling human
ToM with MDP (Baker et al., 2009, 2017). With this value, the action selection will be
dominated by the maximum Q(s, a), but still deviates from it with a small probability, to

capture the fact that human decision-making is not entirely rational.

Bayesian theory of mind (BToM)

We used BToM (Baker et al., 2009) to infer the agent’s destination over time. As there
were only two destinations, we only needed to plot the posterior of the destination actually
reached by the agent, denoted as P,,4cneq- The posterior of the destination not reached was
always 1- Pproqcneq- Given an agent's trajectory (the state-action pair up until T > t), the
posterior of the agent’s destination was proportional to the product of the action likelihood
and prior probability of the destination:

Pg(destination|action,.r, statelzT)
T

o« 1_[ Pg(action, | destination, state,) * P(destination) (4)
t=1

The action likelihood function P (action, | destination, state,) was derived from an
MDP policy, which was similar to the policy in Equation (3), except it only considered one
destination as its goal. The initial Py(destination) was set to 0.5 for both potential

destinations.
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Appendix B

Experiment 1

The two destinations were aligned vertically or horizontally, with Manhattan
distances varying from [4, 6, 8]. The Manhattan distance between the agent’s starting
positions and the two destinations were identical, achieved by letting the three entities form
an invisible isosceles triangle with the agent placed along the perpendicular bisector of the
invisible line connecting the two destinations as the base of the triangle (see Figure S1). The
length of the perpendicular bisector varied from [6, 7, 8]. There were nine combinations of
the base length and height of the triangles, causing the distance between the agent’s starting

position and two destinations to vary from 8 to 12, with a mean of 10.

Figure S1

Map construction in Experiment 1

Map design

Note. The agent (blue circle) and the two destinations (green squares) formed an invisible isosceles
triangle, depicted by the dashed lines, which were invisible during experimental displays. The line
connecting these two destinations serves as the base of the triangle. The agent was placed on the
perpendicular bisector of the isosceles triangle. Each map in Experiment 1 was randomly assigned
one of the invisible isosceles triangles, whose size, location, and orientation were randomized across

trials.
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The map for each trial was generated as follows. First, the order of the nine triangles
was shuffled, with each triangle assigned to one of the first nine trials. The triangle in the 10=
trial was randomly sampled. Second, the triangle for each trial was randomly placed on the
map with the constraint that the vertices were not on border grids. Third, the triangle was

rotated by an angle that was randomly sampled from [0, 90, 180, 270] degrees.

Experiment 2a
Design of critical-crossroad maps

To create a critical-crossroad map, certain barriers were purposely placed so that (i)
an agent could not reach any destination without encountering a critical crossroad; (ii) if there
was more than one critical crossroad, the length of the shortest path to each critical crossroad
was always identical; and (iii) this length was manipulated according to the steps-to-
crossroad condition introduced in the main text. To increase the variety of maps, the critical
crossroads were created either by one barrier only or by two barriers aligned vertically or
horizontally. For example, for the 6-steps-to-crossroad condition, seven barriers were
required to create two one-barrier critical crossroads that participants could reach in six steps

(see Figure 5A).
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Figure S2

Sample maps with different steps-to-crossroad in Experiment 2a
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Figure S3
Faster BToM inference of the old destination in human trajectories

All distances-difference condition

Humans MDP
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Note. The posterior of the BToM inference of the final destination reached by an agent over the time
course of the trajectories from all distance-difference conditions. The error shading reflects 95%
confidence intervals. As the length of the trajectories between the old and new destinations varied
across different conditions, it was difficult to directly compare the speed of BToM inference.
Nevertheless, a generally faster BToM inference for the old destination was still observed only in the

human trajectories.
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