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Cognitive Foundations of Collaboration

Abstract

Collaboration enables humans to achieve goals that are beyond the reach of a single person by in-

tegrating the efforts of people who differ in what they know, what they want, and what they can

do. This integration is at the heart of both the greatest benefits of collaboration and its greatest

challenges—collaborators can disagree, they can work on the wrong things, or they can misunder-

stand one another. What cognitive capacities enable humans to navigate these challenges? In this

dissertation, I propose the Collaborative Utility Calculus as a cognitive framework for understand-

ing human collaboration. According to this framework, humans have an intuitive theory of com-

petence and effort, which they knit together with their intuitive theory of belief-desire reasoning to

make joint inferences and plan joint actions.

Chapter 1 introduces the Collaborative Utility Calculus framework and shows that people make

joint inferences about collaborators’ competence and effort fromminimal observations. The frame-

work also captures how these inferences guide collaborative decisions, such as howmuch effort

to invest in a task, how to incentivize collaborators to put in their fair share, and whom to recruit

to a team. Chapter 2 shows that these inferences about competence and effort are also crucial for

evaluating collaborators. In particular, people assign responsibility to collaborators based on a

combination of their actual effort—howmuch effort they actually exerted—and counterfactual

effort—howmuch effort they could have exerted to change the outcome, given their competence.

Chapter 3 shows that people care not just about howmuch effort their collaborators expend, but
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also about why they do so. People make deeper trait inferences about collaborators’ willingness to

contribute, and are more sensitive to effort when it is voluntarily chosen than when it is required.

While Chapters 1–3 focus on static competence, Chapter 4 turns to people’s reasoning about how

competence changes with training. This chapter shows that people do not simply recruit the most

competent collaborators for the job, nor invest in training collaborators who stand to improve the

most. Rather, they plan ways to optimize competence training in the service of collaboration, bal-

ancing the benefits of successful collaboration against the costs of recruitment and training. These

decisions, too, are captured by the Collaborative Utility Calculus. Together, these studies offer em-

pirical support for the Collaborative Utility Calculus as a theoretical framework for understanding

how commonsense psychological reasoning gives rise to collaborative achievements.
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Introduction

Two friends are lifting a couch up a flight of stairs. It’s a small moment—two people aligned on a

fairly simple goal, no need for elaborate tools or complicated planning. And yet in this miniature,

we see all the basic components of collaboration at play. First, the two partners are responsive to each

other’s actions: if one person pauses or adjusts their grip, the other instinctively slows down or shifts

position. Second, they have a joint commitment to completing the task. If one person stops to take

a break, the collaboration does not dissolve; together, they pause, wait, and start again. Finally, they

support each other’s actions. If one partner is carrying more weight, the other might take shorter

steps or lift a bit higher to rebalance the load.

Philosophical treatments of collaboration emphasize these features—mutual responsiveness,
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joint commitment, and mutual support—as the core criteria for shared cooperative activity23,78,86.

These features allow teams to form shared beliefs76,227 and act with shared agency. This capacity

for joint action underlies many of humanity’s greatest achievements—including building cities,

curing diseases, and landing on the moon—and manifests across an enormous range of contexts

and scales. Humans form an incredible variety of collaborative teams, from small project groups to

sprawling scientific consortia, from informal family dinners to tightly organized kitchen brigades.

And the tools we use to collaborate are just as varied, including email, video conferencing, physical

whiteboards, and shared digital documents. Yet no matter how varied the form or how advanced

the tools, human collaboration is fundamentally constrained by the limits and architecture of the

human mind.

At the group level, a wide range of research has characterized how collaboration unfolds in

groups and teams: how people coordinate joint actions, form shared task representations, anticipate

one another’s behavior, distribute roles, and collaborate in real time29,195,127,239,176,196,33,197. These

approaches have been enormously successful at describing the structure and dynamics of collabora-

tive systems. What remains less well understood, however, is how collaborative activity is supported

by cognitive representations within individual minds. How do individuals evaluate the costs and

benefits of different coordination plans? How do they infer how challenging an action will be for

a partner, or decide howmuch effort to contribute themselves? How do these local decisions that

happen within individual minds accumulate and manifest at the group level, in the form of shared

plans and coordinated group behavior?

In response to this challenge, several theoretical traditions have proposed key ingredients that

may support collaboration at the individual level. Cognitive and developmental research has mapped

out how people represent others’ beliefs and desires through an intuitive Theory ofMind179,10,9.

Economic theories emphasize how cooperative behaviors are shaped by external incentives and

tradeoffs242,167. Philosophical accounts examine the structure of shared intentions and the nor-
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mative commitments they entail177,194,86,23. However, these accounts often stop short of explaining

how the mind solves the problem of collaboration—for example, how people determine who should

do what, how hard it will be for them, and whether someone is a worthwhile partner in the first

place. What’s missing is a framework that connects these accounts, linking theory of mind, decision-

theoretic reasoning, and shared intention into a unified account of the cognitive mechanisms that

support collaboration.

In the following sections, I introduce the Collaborative Utility Calculus, a cognitive framework

for understanding human collaboration that operates at the level of individual cognition. I first

review relevant theoretical precursors, focusing on classical game theory and theory of mind. I then

describe the new framework, explain how it advances existing accounts, and review recent empirical

evidence for the framework.

0.1 Theoretical Precursors

To situate the Collaborative Utility Calculus within existing computational frameworks, I review

two prominent traditions: classical game theory and classical Theory of Mind. These frameworks

formalize the inferences and reasoning that support cooperation and collaboration. Understanding

the contribution of these frameworks—and their limitations—sets the stage for my current pro-

posal.

0.1.1 Classical Game Theory

Classical game theory is one of the most influential frameworks for modeling strategic and col-

lective behavior242,167,31,207. Game theory models how agents act optimally when the payoffs of

their actions depend on others’ actions. In doing so, it explains what conditions motivate people to

cooperate—that is, to act together for a collective benefit rather than each selfishly pursuing their
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own interests. Cooperation is an umbrella term that includes not just collaboration, but also activ-

ities that do not satisfy the criteria for shared cooperative activity described above, such as donating

to charity or following traffic laws. Collaboration, by contrast, is a special kind of cooperative ac-

tivity in which agents work together to achieve a shared goal86. Understanding the basic conditions

that give rise to cooperation can therefore help us understand the preconditions for human collabo-

ration.

Game-theoretic models often assume that individuals act solely to maximize their own payoffs.

In a standard coordination game, there are often multiple Nash equilibria—situations where no

player can obtain a higher payoff by unilaterally changing their strategy. Contrary to this assump-

tion, however, people tend to prefer some equilibria over others, especially those that maximize the

combined payoffs for everyone6,44. In fact, people often seek to maximize this joint utility even

when doing so reduces their own payoff58,57,22 or increases their own costs225,226. These preferences

and behaviors point to an underlying representation of joint utility that transcends individual pay-

offs. One way to account for these behaviors is to modify the rewards that players receive by adding

social preferences or other-regarding concerns59,20,62,36. But this addition raises a deeper question:

where do these preferences come from? What internal representations support them? Although

changing the payoff structure can allow cooperative strategies to emerge as equilibria, this does not

by itself constitute a psychologically realistic explanation43. Without a cognitive theory of how in-

dividuals construct and update these utilities, simply adding social preferences to game-theoretic

models cannot provide a full explanation of cooperation or collaboration.

Theories of team reasoning take a different approach, by altering the unit of agency from the in-

dividual (“What do I want?”) to the team (“What do we want as a team?”)213,77. This approach can

explain why people converge on collectively beneficial equilibria, but it ignores agent-specific costs.

For example, suppose two equally strong people are lifting a couch together. The couch can be lifted

either by one person exerting 100% effort or by both exerting 50% effort. From a team-reasoning
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perspective, both solutions are equally good. However, people tend to prefer the latter59, which re-

flects sensitivity not only to the outcome of the collaboration, but also to how individual costs are

distributed. A related challenge concerns the formation of the team itself. Team-reasoning models

typically assume that agents already reason as a team, but do not specify ex ante how individuals

come to adopt a collective frame, or under what conditions they shift from individual to collective

reasoning.

Moreover, game-theoretic models capture equilibria in stylized scenarios where the costs and

payoffs to each agent are fixed. But this simple scenario underestimates how creative humans can

be when they collaborate103,173—for example, bringing in a more capable partner can lower the

effort required from everyone. Such flexibility relies on humans’ ability to represent others’ goals,

abilities, and effort, and use that to divide labor, train novices, assign responsibility, and respond to

breakdowns in coordination. To explain how humans actually collaborate, we need a framework

that captures that behavioral flexibility.

0.1.2 Classical Theory ofMind

A key part of what makes humans such good collaborators is their ability to reason about other peo-

ple’s minds, a capacity known asmentalizing. This ability allows humans to infer what others want,

what they believe, and what they are likely to do. For example, if you see a friend straining to lift

one end of a couch, you might naturally infer that their goal is to move it. This everyday inference

reflects a Theory ofMind179—an intuitive understanding of how people’s observable behaviors are

shaped by their unobservable beliefs and desires. The ability to engage in belief-desire reasoning is

core to collaboration; to coordinate with a partner, we need to understand what they are trying to

achieve and what they believe about the situation.

The computations behind Theory of Mind have been formalized in Bayesian models of com-

monsense psychological reasoning10,9, which frame action understanding as a process of probabilis-
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tic inference over unobservable mental states. In these models, people infer what others believe and

desire by observing their behavior, under the assumption that agents take efficient actions to achieve

their goals. Thus, deviations from the most efficient action—such as taking a detour to check out

an option hidden from view9—reveal the agent’s goals and preferences. Extending this framework

to multi-agent settings has proven fruitful for explaining group behaviors, such as how agents infer

collaborators’ intentions and what they should do without centralized planning260, and how agents

use other people’s behavioral trajectories to learn about the environment when reward informa-

tion is private95. These models illustrate how probabilistic mental-state reasoning can scale to more

complex social environments. However, these models assume a universal notion of efficiency by

treating action costs as fixed. In reality, what counts as an “efficient” action depends on individual

differences in ability and effort.

The Naive Utility Calculus framework extends Bayesian Theory of Mind models by incorporat-

ing individual variation in costs and rewards114; for example, climbing a tall box may be easy for one

agent but impossible for another115. However, in collaborative settings, the cost to individuals de-

pends not only on their own capabilities, but also on what their collaborator contributes. Climbing

is easier if your partner gives you a boost from below, compared to if your partner is barely trying

to help. This gap motivates the need for a framework that captures how collaborators redistribute

effort to achieve shared goals.

0.2 Collaborative Utility Calculus

In this section, I propose the Collaborative Utility Calculus as a cognitive framework for under-

standing human collaboration. The framework makes unique contributions to existing approaches.

It explains collaboration from the perspective of basic mechanisms of human social cognition,

which includes concepts such as mental representations of joint utility that are not typically cap-
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Figure 1: Overview of the Collaborative Utility Calculus. (A) Schematic of the Collaborative Utility Calculus, (B) illus‐
trated in an example of two friends lifting a couch together. Each person considers their own mental states and compe‐
tence, as well as their partner’s mental states and competence, and chooses actions that maximize the joint utility of the
team.

tured in classical game theory. The framework also extends existing models of commonsense psy-

chological reasoning into the domain of collaboration to explain how people reason about joint

utility and plan shared actions. It makes explicit theoretical commitments about how competence

and effort jointly determine an agent’s contribution to a collaborative task. It also formalizes the

idea that people anticipate how work will be distributed in joint settings, and that howmuch effort

one exerts depends in part on howmuch their partner is expected to contribute.

Figure 1 shows an illustration of the framework. The framework includes a number of agent-

specific properties: (a) the reward value of an action or outcome (desire), (b) what the agent knows

about themselves and the world (beliefs), (c) the agent’s ability to carry out the task (competence),

and (d) how hard the agent tries at the task, i.e., the proportion of their competence applied to the

task (effort). These properties produce an action, which is compared with the task difficulty to de-

termine whether a collaboration succeeds or fails (outcome). The outcome then feeds back into the

agent’s beliefs: it becomes part of what the agent knows and is used to adjust their future actions.

Note that the framework applies more broadly to agent properties that are conceptually similar

to competence and effort, beyond the literal sense. For example, a person’s available resources or
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wealth can be thought of as analogous to competence—that is, the maximum they can contribute,

whereas their generosity or fairness maps onto effort, as it reflects the proportion of their capac-

ity they choose to allocate to their partner89,181. The framework can also capture situations where

factors other than effort might reduce howmuch competence an agent brings to a task, such as tem-

porary limitations (e.g., fatigue or illness), environmental constraints (e.g., bad weather or a noisy

room), or even strategic self-handicapping264.

All these nodes interact with one another in intricate ways. First, competence and effort work

together to determine the outcome of a collaboration. Even the most competent agents cannot suc-

ceed without investing the required effort, nor can the most hardworking agents if they lack the

required competence. Second, agents choose effort allocations that maximize their joint utility—the

expected reward for the teamminus the costs of exerting effort. This ensures that agents prioritize

the team’s shared goal while also being sensitive to the individual costs they each incur. Third, the

expected reward calculation hinges on joint inferences about one’s own and their collaborators’

competence and mental states. For example, if you are lifting a heavy couch with a friend, it is im-

portant to understand how strong your friend is—i.e., their competence—and howmuch effort

they will put in, so that you can calibrate howmuch effort to apply to lift your end of the couch.

The framework predicts that agents recursively reason about howmuch effort they and their col-

laborators will allocate to a task. With these elements, the framework can capture a wide range of

phenomena in human collaboration, as I review in the next section.

0.3 Evidence for the Collaborative Utility Calculus

In this section, I review recent empirical evidence for the Collaborative Utility Calculus as a cog-

nitive framework for understanding human collaboration. These studies collectively show how

reasoning about other minds enables humans to navigate basic problems in collaboration, including
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deciding howmuch effort to invest in a collaborative task, how to incentivize collaborators to put

in their fair share, whom to recruit to a team, how to invest in their training, and how to assign re-

sponsibility and rewards for the outcome of a collaboration. In many of the studies below, the Col-

laborative Utility Calculus was compared against simple alternative models to demonstrate the need

to reason recursively about collaborators’ mental states and competence. In addition, I highlight the

potential for this framework to shed light on a wide range of phenomena, such as how people reason

about external and internal constraints, how collaborators achieve efficient division of labor, and

how collaborations evolve over time.

0.3.1 Inferring competence and effort

In an episode of 30 Rock, Kenneth Parcell created a game show where models held up identical-

looking cases and contestants guessed which one contained $1 million worth of gold. The show was

quickly shut down after it became clear that the design had a fatal flaw: since gold was heavy, con-

testants could easily identify the correct case by noticing which model was visibly struggling to hold

it up. Underlying this funny scene is a basic principle of social reasoning: people can infer others’

effort and competence—in this case, because the struggling model is not obviously weaker than the

other models, one can infer that her case is unusually heavy. This ability is also core to collaboration:

to work together effectively, we need to understand what our collaborators can do and howmuch

effort they are willing to contribute.

Even children are capable of inferring other people’s competence based on the difficulty of the

tasks they are willing to take on. In one study, 5–6 year olds watched two puppets—Grover and

Cookie Monster—take a cracker that was placed on a short box rather than a cookie that was placed

on a tall box. Children were told that Cookie Monster likes cookies more than crackers, while

Grover likes both equally. From this scene, children inferred that Cookie Monster was unable to

climb the box—if he could, he would have taken the cookie115. Even in cases where task difficulty
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is unknown, adults can jointly infer task difficulty and other people’s competence by observing

which agents succeed at more tasks and which tasks have higher success rates113. The Naive Util-

ity Calculus explains how people make these inferences by reasoning about subjective rewards and

costs—that is, howmuch an agent values each goal and how hard it is for that agent to reach it.

The Collaborative Utility Calculus builds on this foundation in two ways. First, it accounts for

effort as a component of subjective cost that is distinct from ability—recognizing that people may

fail to reach a difficult goal not because they lack the ability, but because they are unwilling to ex-

pend effort or because their collaborator did not put in their fair share. In one study, I showed par-

ticipants two game show contestants who attempted to lift boxes of different weights for different

reward amounts267. People inferred which contestant was stronger not just from their successes or

failures, but also from how these outcomes related to the incentives offered to contestants. For exam-

ple, when both contestants successfully lifted a heavy box, participants inferred that the contestant

who succeeded with a smaller reward was stronger—intuitively, stronger contestants require smaller

rewards to offset the costs of lifting. Consistent with this reasoning, participants also inferred that

stronger contestants exerted less effort to lift the same weight (see Figure 2A-B).

Second, the Collaborative Utility Calculus goes beyond inferring utilities from individual ac-

tions to disentangling individual utilities from joint actions, where multiple people’s contributions

are combined into a single outcome. In the same study as above267, participants then saw pairs of

contestants attempt to lift a box together. They inferred that each contestant exerted less effort

when sharing the weight with a partner, compared to lifting it alone—suggesting that participants

understood that collaborations distribute effort between partners (see Figure 2A-B). Participants’

judgments were captured by the Collaborative Utility Calculus, which models how each contestant

adjusts their effort by reasoning recursively about howmuch their partner will contribute, but not

by simpler heuristic models that lacked recursive reasoning.

Thus, the Collaborative Utility Calculus captures human inferences about competence and ef-
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Figure 2: Empirical evidence for the Collaborative Utility Calculus. (A‐B) Effort allocation267: People can infer agent‐
specific costs—namely, competence and effort—based on the rewards that agents are willing to accept to do a difficult
task. When agents lifted a heavy box alone, participants inferred that agents who lifted the box for a small, $10 reward
(blue agent) were stronger and exerted less effort than agents who only lifted the box for a large, $20 reward. When
the agents lifted the box together, participants inferred that each agent would exert less effort than when they lifted on
their own. (C‐D) Incentive allocation267: The Collaborative Utility Calculus enables inferences about how one person’s
effort may change based on their partner’s contributions. Participants offered smaller incentives when the agent on the
left was paired with a stronger partner, reflecting the expectation that stronger teams expend less effort to complete
the task. (E‐F) Optimizing competence 268: The Collaborative Utility Calculus also supports more sophisticated planning
based on how collaborators’ competence may change with training. Participants trained agents to be just strong enough
to lift a heavy box together through their combined strength, balancing the costs and benefits of training.
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fort in collaborative tasks. A key question for future work is whether this same reasoning also gov-

erns how people calibrate their own effort in collaborations. This possibility aligns with recent de-

velopmental work suggesting that young children use social information to estimate the difficulty of

a task and calibrate their effort accordingly. For example, infants pull harder with each subsequent

attempt to retrieve a toy that is difficult for an adult to move, but do not increase their effort if the

task was impossible for the adult151. Infants also try harder after observing an adult try repeatedly at

a different task, rather than when the adult succeeds effortlessly138. Critically, infants do not indis-

criminately copy adults’ effort; they selectively increase their own efforts when they see that adults’

struggles lead to success, rather than failure137. These social cues provide infants with information

about how effortful a task will be for them, and whether their effort is likely to pay off. Applying

the Collaborative Utility Calculus to this domain could shed light on the psychological mechanisms

that enable people to translate social information about other people’s capabilities and outcomes

into principled decisions about when and howmuch to contribute.

0.3.2 Using competence and effort for collaborative decision-making

A key implication of the Collaborative Utility Calculus is that reasoning about other people’s com-

petence and effort guides practical decisions about how to build a team, by revealing what team

members can do and what costs they are expected to incur. This information can then be used to

incentivize collaborators to put in their fair share. In one study, I asked participants to choose a

monetary incentive that both teammembers would receive if they successfully lifted a heavy box

together267. Across conditions, participants saw the same agent paired with partners of different

strengths. Participants offered lower incentives when this agent was paired with a stronger team-

mate, and higher incentives when paired with a weaker teammate (Figure 2C-D). These results sug-

gest that participants set incentives to compensate for the effort that teams would have to put in to

complete the task. Intuitively, stronger teams expend less effort to produce the same physical force
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as weaker teams, so they require smaller incentives to make the task worthwhile. Similarly, when I

increased one agent’s strength, participants reduced the team’s incentive accordingly. These patterns

were captured by the Collaborative Utility Calculus, but not by alternative models that use simple

heuristics in place of recursive reasoning.

The cost of effort can also vary depending on individual differences in each collaborator’s will-

ingness to contribute. In another study, participants recruited pairs of agents out of a lineup267.

Each agent in the lineup differed not only in their strength, but also in their effort cost—that is, the

lowest incentive that they would accept to put in an all-out effort. Intuitively, agents with lower

effort costs are “hard-working”, or more willing to exert effort. After picking a team, participants

then offered each teammember an incentive to lift boxes of varying weights. This design enables me

to test how participants build teams by weighing each agent’s strength against their willingness to

expend effort. When the box was light, participants recruited weaker but more hardworking agents

who required a smaller incentive to expend the necessary effort. In contrast, when the box was too

heavy for the weaker agents, participants recruited stronger but less hardworking agents and were

willing to offer larger incentives.

Willingness to exert effort matters not only for the success of a single collaboration, but also for

identifying people who will be good collaborators in the future. In another study, participants se-

lected howmuch each agent in a pair should be rewarded for successfully lifting a box together265.

Participants were told that one agent was instructed to exert a fixed amount of effort, while the other

chose howmuch effort to invest on their own. Participants apportioned rewards based not only on

howmuch effort each agent had invested, but also on their reasons for doing so. Overall, partici-

pants gave agents rewards that were in line with their expended effort, but this effect was moderated

by whether they were instructed or self-directed. They gave the self-directed agent rewards that were

more proportional to actual effort expended, compared to the instructed agent. These results sug-

gest that people evaluate collaborators based not only on effort, but also on what that effort reveals
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about their willingness to contribute in future collaborations.

Finally, reasoning about competence and effort is crucial for evaluating the outcome of a collaboration—

that is, to decide who deserves a larger share of blame for a failed collaboration or credit for a success-

ful one. Past work has shown that people are sensitive to both effort17,116 and competence68 in

responsibility judgments. However, these factors have largely been studied in isolation, which leaves

open the question of how people integrate competence and effort to assign responsibility. In a set

of studies, participants observed pairs of agents lifting a box together and evaluated how responsible

each agent was for the outcome. I systematically varied box weight, agent strength, and effort to test

how each factor contributed to participants’ responsibility judgments. Overall, participants assigned

responsibility based on effort, rather than competence or the amount of force exerted on the box.

Moreover, participants’ judgments were shaped by howmuch effort each agent actually contributed

and by a counterfactual judgment of howmuch the agent could have changed the outcome by exert-

ing more or less effort, given their competence. Intuitively, the agents who received the most credit

for successes exerted a large amount of effort andwere pivotal to their team’s success266.

These studies collectively show how reasoning about other minds enables humans to navigate ba-

sic problems in collaboration, including deciding howmuch effort to invest in a collaborative task,

how to incentivize collaborators to put in their fair share, whom to recruit to a team, and how to as-

sign responsibility and rewards for the outcome of a collaboration. A natural next step is to consider

how the Collaborative Utility Calculus may inform decision-making as collaborations unfold. One

intriguing possibility for future work is that the framework may provide a psychological mechanism

to explain how human collaborations achieve efficient divisions of labor. As collaborators reason

recursively about each other’s competence and effort, they may converge on efficient task allocations

through mutual adaptation. This proposal aligns with recent empirical work on “co-efficiency”,

showing that collaborators often act to minimize joint costs225,226,195,127,24.
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0.3.3 Optimizing competence

The sections above have established that, in order to efficiently divide labor with others, we need to

represent our collaborators’ competence. However, competence is not static; people get better at

particular tasks the more they perform them. Indeed, this opportunity to improve has long been

touted as a key benefit of division of labor: splitting up tasks affords individuals more chances to

practice and refine their area of specialization205. However, it also raises an important question in

collaborative decision making: Is it better to recruit a superstar who is the most capable right now,

or a rising star whose competence can grow with training and investment? And how do decisions

about whom to train affect whom people choose to recruit in the first place?

According to the Collaborative Utility Calculus, people make these decisions by weighing the

costs of recruiting and training a collaborator against the benefits that they will bring to the col-

laboration. In one study, participants were shown a heavy box that required two agents working

together to lift successfully. They then had to recruit agents of varying strengths from a lineup and

train them to reach the combined strength needed for this collaborative goal268. I found that partici-

pants did not simply recruit the strongest agents for the job, nor invest in those who would improve

the most. Instead, they strategically selected and trained agents to be just strong enough to lift the tar-

get weight, balancing the costs of training against the benefits (see Figure 2E-F). These results gener-

alized to a separate experiment where participants trained students for a math Olympiad, which sug-

gests that these training decisions generalize beyond increasing physical strength. In another study,

participants trained two military defense teams to counter two types of attacks (land and air), where

the long-term goals and the teams’ relative competences varied221. Overall, participants trained col-

laborators by taking the long view—considering how collaborators’ competence would develop, and

whether they could rise to meet task demands—rather than making myopic decisions based on sim-

pler heuristics such as current competence, learning potential, fairness, or versatility. Together, these

15



findings illustrate how the Collaborative Utility Calculus captures not just static inferences about

others’ abilities, but also how people cultivate individual competences to support collaboration over

time and ultimately benefit from each other’s evolving competences.
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1
Collaborative decision making is grounded

in representations of other people’s

competence and effort

1.1 Abstract

By collaborating with others, humans can pool their limited knowledge, skills, and resources to

achieve goals that outstrip the abilities of any one person. What cognitive capacities make human

collaboration possible? Here, we propose that collaboration is grounded in an intuitive understand-
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ing of how others think and of what they can do—in other words, of their mental states and com-

petence. We present a Collaborative Utility Calculus framework that formalizes this proposal by

extending existing models of commonsense psychological reasoning. Our framework predicts that

agents recursively reason howmuch effort they and their partner will allocate to a task, based on the

rewards at stake and on their own and their collaborator’s competence. Across three experiments (N

= 249), we show that the Collaborative Utility Calculus framework captures human judgments in a

variety of contexts that are critical to collaboration, including predicting whether a joint activity will

succeed (Experiment 1), selecting incentives for collaborators (Experiment 2), and choosing which

individuals to recruit for a collaborative task (Experiment 3). Our work provides a theoretical frame-

work for understanding how commonsense psychological reasoning contributes to collaborative

achievements.

1.2 Introduction

Collaboration enables humans to achieve goals beyond the capabilities of any one individual: No

one can build a city, land on the moon, or even carry a couch up a flight of stairs entirely on their

own. Humans are unique in their ability to form collaborative arrangements that are maintained

over generations, as in the case of institutions, and that span continents, as in the case of large scien-

tific collaborations. Compared to other animals, we’ve made it a key part of our niche223, and the

roots of this ability arise early in development (see Tomasello and Hamann 224 , for a review). How

do we do it? What cognitive capacities give rise to these collaborative achievements?

A key part of the answer is that, in order to work with others, we have to understand how our

collaborators think and act. Philosophical treatments of collaboration provide an inventory of ba-

sic mental states and commitments required for collaborative action. To fulfill these criteria, agents

must hold certain representations in mind, including a representation of shared goals, knowledge

18



and beliefs about which actions will lead to the fulfillment of the goal, and intentions to carry out

said actions177,194,86,23. Recent work suggests that agents plan their actions by anticipating those

of their collaborative partners, revealing that people minimize joint action costs225,226, compute a

“mind of the group” i.e., an average group member’s mind;123, as well as represent, monitor, and

predict each other’s actions to achieve a joint goal196,240,261. Thus, fundamentally, successful collab-

oration requires that we understand how others think and act.

Bayesian models of commonsense psychological reasoning formalize these computations as the-

ory of mind179, which takes the form of belief-desire reasoning: People act based on their beliefs to

achieve their desires10,9. However, even state-of-the-art psychological models are missing two ingre-

dients that are particularly important to successfully work together. The first missing ingredient is a

representation of one’s own and of others’ competence. A person’s competence entails all kinds of

physical and mental abilities, such as strength, speed, memory, linguistic skill, etc. Traditional mod-

els of belief-desire reasoning assume that agents are capable of fulfilling their desires as long as the

constraints of the environment allow it. But this is not always so—an individual might have the nec-

essary beliefs and desires to complete a task, but lack the competence to carry it out. For example,

imagine a child who knows where a box is, has the desire to lift the box for a cookie as reward, but is

not strong enough do so. The child would not be able to lift the box and get the cookie reward her-

self. However, she could choose to collaborate with another child who is strong enough to lift the

box but does not know where it is. This example illustrates the necessity of reasoning about one’s

own and other people’s competence in collaborative activities. Past work suggests that even young

children are capable of inferring other people’s competence based on the difficulty of the tasks they

are willing to take on115,114. However, models of commonsense psychological reasoning have yet to

incorporate a representation of other people’s competence that is separate from other costs, such as

the inherent difficulty of a task.

The second missing ingredient is a formal theory of how individuals allocate effort to joint tasks.
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Recent work suggests that even young children use social information to decide how to allocate ef-

fort to a task; for example, young children might observe others to infer the difficulty of a task151 or

use their example to determine whether expending effort will pay off138,137. Children are also capa-

ble of dividing physical and cognitive labor in collaborative tasks based on relative ability and task

difficulty153,7. More recent models have enriched theories of psychological reasoning by demon-

strating that people do not merely expect others to fulfill desires—thus solely maximizing rewards—

but rather expect others to act as utility maximizers—balancing the rewards of an outcome against

the costs of achieving it114. However, existing models do not capture the fact that engaging in col-

laborative action reduces the effort that any one individual needs to expend on a task: lifting a couch

alone may take an intense all-out effort, but feel significantly easier when the burden is shared be-

tween two friends. It remains an open question how agents figure out how to adjust their effort in

collaborative settings—for example, how we anticipate the effort of others and calibrate our own in

order to lift the couch successfully without tiring ourselves completely.

To fill these gaps, we present a Collaborative Utility Calculus framework that extends existing

models of commonsense psychological reasoning to incorporate representations of competence and

effort. Our model predicts that agents recursively reason howmuch effort they and their partner

will allocate to a task, based on the rewards at stake and on their own and their collaborator’s com-

petence. In addition, we contrast our model with three alternative models that use simpler heuristics

(solitary, compensatory, and maximum effort models) and show that joint reasoning is necessary for

explaining collaborative behavior. The alternative models might seem impossible at first blush, but

they are not a priori impossible for all the scenarios. Moreover, the alternative models are motivated

by phenomena such as social compensation and social loafing (see Theoretical Framework, below).

Therefore, demonstrating that these models are not sufficient to explain behavior in our studies pro-

vides support for our claim that collaborative decision making is grounded in joint reasoning about

competence and effort.
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Across three experiments (N = 249), we demonstrate that the Collaborative Utility Calculus

framework captures human judgments in a variety of contexts that are critical for collaboration. In

each experiment, participants watched contestants in a game show attempt to lift a box to win cash

prizes. In Experiment 1, each contest was divided into three rounds: In the first two rounds, contes-

tants attempted to lift the box on their own, in order to provide information about their strength

and about how they respond to incentives. In the third, critical round, two contestants then at-

tempted to lift the box together. Participants inferred how strong each contestant is, howmuch

effort they would put into lifting the box in the third round, and how likely they are to succeed.

In Experiments 2–3, participants saw contestants with different strengths who required different

incentives to lift a heavy weight, and they decided howmuch incentive to provide (Experiment 2)

and which contestants to recruit (Experiment 3) to lift boxes of different weights. Across all mod-

els, we find that a model that recursively infers howmuch effort to allocate best matches human

judgments, compared to various alternative models that implement simpler heuristics rather than

reasoning recursively about effort. * Together, our results provide evidence that collaborative deci-

sions are grounded in an intuitive understanding of how others think and of what they can do.

1.3 Theoretical Framework

We propose a Collaborative Utility Calculus framework (Figure 1.1) to illustrate how people’s rea-

soning about beliefs, desires, and competence determine the action they take. After laying out the

framework, we formalize the idea in a simple context of box-lifting.

*All data and code are publicly available at https://github.com/yyyxiang/competence_effort.
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Figure 1.1: An illustration of the Collaborative Utility Calculus framework. Shaded nodes represent observed variables;
unshaded nodes represent latent variables to be inferred. The agent’s desires and beliefs determine their effort. Their
competence and effort together determine the action to take. The outcome is a function of their action and the task
difficulty. Observing the outcome updates the agent’s beliefs.

1.3.1 Overview of the Collaborative Utility Calculus framework

We assume that the agent’s desires and beliefs about the internal state and external environment de-

termine the amount of effort the agent would exert. The action to take depends on both the agent’s

effort and competence, which encompasses all kinds of physical and mental abilities. The final out-

come is a function of the difficulty of the task and the action the agent takes. The agent updates

their beliefs after observing the outcome.

We simplified the framework and formalized it in a setting where agents of different strengths

attempt to lift boxes of different weights. This allowed us to generate hypotheses to test the key pre-

dictions of this framework. Specifically, the agent’s desire is the reward they get from lifting the box,

the agent’s competence is their physical strength, and the task difficulty is the box weight. Observing

the outcome (either Lift or Fail) allows the agent to update their belief about their strength, the box

weight, etc. One advantage of testing the model in a physical domain like box lifting, compared to

cognitive domains such as numerosity judgments, is that the task difficulty and agents’ competence
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and effort have concrete units. Thus, we can express the relationship between effort and action out-

comes in a simple, deterministic model: Agents’ competence and effort translate into the force that

they exert, and they succeed if that force exceeds the weight of the box. † Below we provide a formal

description of our model predicated on this simplified framework.

1.3.2 Formal description

We first consider a single-agent case, then generalize it to a multi-agent setting which involves recur-

sive reasoning between agents, followed by three alternative models without recursive reasoning.

Single-agent model

The single-agent model describes how an agent decides the amount of effort to exert in an attempt

to lift a box. It consists of the following components:

• S ≥ 0 is the strength of the agent, expressed in units of weight (i.e., the maximum amount of

weight they are able to lift). We assume strength is a static property of each agent.

• W ≥ 0 is the weight of the box.

• E ∈ [0, 1] is the effort the agent puts into lifting the box. It defines the proportion of an

agent’s strength that is applied to lifting.‡

• L = 1 indicates that the agent lifts the box (L = 0 otherwise). This is a deterministic

function of effort, strength and weight: L = I[E · S ≥ W], where the indicator function

I[·] = 1 if its argument is true, 0 otherwise.

†In real-world lifting events, it is possible for a lifter to fail to lift a weight, even if they are strong enough
to lift it and exert the needed effort, due to slight variations in body posture, hand positioning, etc. However,
we think that a deterministic function provides a reasonable approximation within this simplified task.

‡For computational tractability, we constrained the effort space to discrete values, ranging from 0 to 1
with increments of 0.05.
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• R ≥ 0 is the reward for successfully lifting the box.

• C(E) is the agent’s effort cost. For simplicity, we adopt a linear cost function C(E) = αE,

where α ≥ 0 is a scaling parameter that denotes the agent’s laziness (larger αmeans lazier) §.

• U(E) is the utility function that measures the net reward minus cost:

U(E) = R · P(L = 1|E,W)− C(E), (1.1)

where the probability of lifting the box is given by marginalizing over all possible strengths:

P(L = 1|E,W) =
∫
S P(S)I[E · S ≥ W]dS. (1.2)

This model can be straightforwardly extended to account for uncertainty aboutW and α.

We model agents as utility maximizers, such that the optimal effort is:

E∗ = argmax
E

U(E). (1.3)

Multi-agent joint effort model

The multi-agent joint effort model generalizes the single-agent model to a multi-agent setting. The

model is termed “joint effort” because agents reason about others’ effort recursively when deciding

howmuch effort to allocate. When multiple agents attempt to lift a box together, the lift outcome

§While we refer to the α parameter as laziness, it can also be understood as a form of competence-
dependent reward scaling. For example, an agent might deserve to be paid more due to their superiority
over others in terms of competence.
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depends on every agent’s effort, strength, and the box weight:

L = I[
∑

a EaSa ≥ W], (1.4)

where a indexes agents. The optimal effort is given by:

E∗ = argmax
E

R · P(L = 1|E,W)− C(E), (1.5)

where E = [e1, . . . , en] is the vector of efforts for n agents. In practice, we solve the joint optimiza-

tion by fixed point iteration: holding the efforts of all but one agent fixed, we maximize the utility

with respect to the focal agent, iterating over agents until convergence (convergence threshold set to

0.06).

People have a general preference for fairness59,215, and these fairness preferences play a role in

human collaboration19,94. In light of this, we add to the cost function a Gini coefficient that pe-

nalizes unequal effort allocations. ¶ The Gini coefficient is a very widely-used measure of income

inequality in economics5,198,32, and has been applied to a myriad of fields to measure education in-

equality220, health inequality184, and yield inequality188. The Gini coefficient is defined as half of

the relative mean absolute difference in effort198:

G(E) =
∑n

i=1
∑n

j=1 |Ei − Ej|
2n

∑n
j=1 Ej

, (1.6)

where |Ei − Ej| denotes the absolute difference in effort between each pair of agents (i, j). To take

¶We contrast the joint effort model with and without the Gini coefficient in the supplemental mate-
rial (Figures S1-S5). From Figure S1B, we can clearly see that model predictions of effort change drastically
with and without the Gini coefficient, thereby demonstrating the importance of penalizing unequal effort
allocations.
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fairness preferences into account, we add a term to the cost function:

C(E) =
∑
a

αaEa + βG(E), (1.7)

where β ≥ 0 is a scaling parameter. Note that we allow different agents to have different effort cost

coefficients (αa), an assumption that we explore further in Experiment 3.

Alternative models

In real life, not all teamwork operates as the joint effort model suggests. It is not uncommon that in

some group projects, one person does almost all the work while the others do very minimal work,

if at all. Indeed, similar types of behaviors have been documented in the literature and explained as

social compensation253, where individuals work hard collectively when they expect their teammates

to be less invested or less capable, and social loafing 121,134, where free riders take advantage of their

teammates and expect them to pick up the slack. Inspired by these phenomena, we introduce two

alternative models which do not invoke recursive reasoning of effort: The solitary effort model and

the compensatory effort model.

The solitary effortmodel instantiates an extreme case of social compensation. Agents assume

that their partners will expend 0 effort on the task, and allocate effort as though they were perform-

ing the task alone:

E/a = 0, (1.8)

where /a indexes all the agents except agent a. Each agent’s optimal effort only depends on their
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own strength, effort cost, and the box weight:

E∗a = argmax
Ea

R · I[EaSa ≥ W]− αaEa. (1.9)

Therefore, we have:

E∗a = argmax
Ea

R · P(L = 1|Ea,E/a = 0,W)− αaEa

= argmax
Ea

U(Ea), (1.10)

whereU(Ea) is the single agent utility function described above (Equation 1.1). Note that the soli-

tary effort model does not include a Gini coefficient. This is because a model that instantiates an

extreme case of social compensation likely does not care about (un)fairness. The same reasoning

applies to the compensatory effort model. ‖

The compensatory effortmodel instantiates the other extreme (social loafing): Agents assume

that their partners will exert maximal effort, and therefore the agents will exert only the minimum

effort needed to accomplish the task:

E/a = 1. (1.11)

The optimal effort is given by:

E∗a = argmax
Ea

R · P(L = 1|Ea,E/a = 1,W)− αaEa. (1.12)

The solitary effort and compensatory effort models make the same predictions as the joint effort

‖For completeness, we show the predictions of all models with the Gini coefficient in the supplemental
material (Figures S6-S10).
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model for single-agent events, but diverge for multi-agent events. The joint effort model assumes

that agents reason recursively about each other’s effort, while the solitary effort and compensatory

effort models make fixed assumptions about the efforts of other agents.

In addition to the two alternative models described above, we include a third alternative: the

maximum effortmodel. This model is motivated by an implicit assumption in some previous re-

search e.g.,113 that people expect agents to exhibit their full capacity when they take actions. The

maximum effort model simply assumes that agents are always exerting all their effort regardless of

their strength, effort cost, partners, etc., which means E = 1. This is similar to the compensatory

effort model, except that here agents do not modulate their own effort allocation in response to the

maximal effort of their partners.

1.3.3 Model implementation and assessment

We implemented the model in WebPPL, a probabilistic programming language embedded in Javascript83.

The strength samples were drawn from a uniform distribution with a lower bound of 1 and up-

per bound of 10. We usedMarkov ChainMonte Carlo sampling with a Metropolis-Hastings kernel,

10000 samples, and 1000 burn-in samples (i.e., additional sampling iterations before collecting sam-

ples), conditioning on the observations. Note that these only apply to Experiment 1 where agents

have uncertainty about their own strength and their teammate’s strength. In Experiments 2 and 3,

subjects observe strength information and therefore those variables do not need to be sampled.

Our joint effort model includes two scaling parameters in the cost function: α, which denotes an

agent’s effort cost (laziness), and β, which determines the degree of penalization for unequal effort

allocations. These were the only two free parameters in our model. In Experiment 1, both α and β

are free parameters; we tuned them by hand and optimized them to maximize the correlation be-

tween model-predicted and empirically measured effort judgments pooled across participants. In

Experiment 2 and Experiment 3, the α values were constrained by our experimental design (they
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were made explicit to the participants via the task description) and were not free parameters. To

make model implementation consistent across experiments, we reused the β value from Experiment

1 for Experiment 2 and Experiment 3. See Table 1.1 for a complete list of α and β values used in the

joint effort model. The three alternative models use the same α values as the joint effort model, but

do not include the β parameter.

To assess how well the models match behavioral data, we calculated the Pearson correlation coef-

ficient between model predictions and participants’ judgments and plotted them against each other.

Even though theoretically we could do likelihood-based model fitting, we are not making strong

claims about the parametric details of the models. Rather, our claims concern the qualitative pat-

terns of the model predictions.

1.4 Experiment 1

Our first experiment aims to test a few basic judgments about collaboration, including how peo-

ple reason about competence and effort and how they predict how likely a collaborative event is to

succeed. To be directly compatible with the model setup, we designed the experiment to be a game

show where contestants attempt to lift a box by themselves or together with another contestant.

We manipulated the individual lift outcome of different contestants shown to the participants and

asked them to report judgments regarding what they predict would happen in a group lifting. We

deliberately chose to not involve participants as active agents, but rather have them observe agents’

Table 1.1: Scaling parameter values.

α β
Experiment 1 13.5 24.5
Experiment 2 125 24.5

Experiment 3 Agent-specific
(40, 20, or 2) 24.5

29



behavior. This is because our work focuses on people’s theory of mind, which is how people think

others behave: Participants observe two agents’ behavior and make judgments regarding how they

think the agents collaborate.

Across different scenarios, we held the weight of the box constant during the group lift events,

and we manipulated the reward for a successful lift and outcomes of agents’ lifts in prior events to

affect observers’ beliefs about each agent’s competence. Participants observed that some contestants

refused to lift a box for a low reward, but readily lifted it for a higher reward. Beyond simply track-

ing agents’ competence, these covariation data also provide information about how different agents

respond to incentives. The different models make the following predictions:

• Strength: We predict that people are able to estimate contestants’ strength based on obser-

vations of individual lift events. If a contestant lifts a box successfully, then they should be

stronger than another contestant who fails to lift the same box. Furthermore, if they could

lift the box with lower reward, then they should be stronger than contestants who require a

higher reward, because accepting a lower reward indicates that less effort is needed to do the

lifting. The joint effort model and the alternative models make similar predictions.

• Effort: When both contestants are strong enough to lift the box by themselves, we predict

that people should expect them to exert less effort when they attempt to lift the box together.

We also expect the models to make qualitatively different predictions. In particular, the joint

effort model predicts this decrease in effort. The solitary effort model predicts no change

in effort, since it assumes no difference between lifting the box themselves and lifting with

another contestant. The compensatory effort model assumes that every contestant should

expect the other one, who is strong enough to lift the box themselves, to be solely responsible

for the lifting. As a result, it predicts that neither contestant will exert any effort. Finally, the

maximum effort model predicts that the effort does not change from individual lifting to
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group lifting, since it assumes that contestants are always exerting all their effort.

• Lift probability: We predict that people should judge a group lifting to be more likely to

succeed when the contestants involved are stronger. And when at least one contestant is

strong enough to lift the box themselves, the group lift probability should be high. This

pattern is predicted by the joint effort model, solitary effort model, and maximum effort

model. In contrast, the compensatory effort model predicts that group lifting is impossible

when at least one contestant is strong enough to lift the box by themselves. This is because

the other contestant would expect the contestant who is strong enough to do the lifting and

conversely, that contestant would expect the other one to exert their full effort, so they would

reduce their effort accordingly, resulting in failure.

We also predict that even if neither of the contestants is strong enough to lift the box them-

selves, it would still be possible for them to lift the box together. This prediction is consistent

with the joint effort model and maximum effort model, which argue that “two are better

than one.” The compensatory effort model predicts something similar in this case, because it

is possible that the sum of the contestants’ strength equal the box weight, and if each contes-

tant considers the remaining part after subtracting the other contestant’s strength requiring

their full effort, that would mean both contestants exerting all their effort and possibly lift-

ing the box successfully. The solitary effort model in this case predicts that group lifting is

impossible, because neither contestant can lift the box themselves.

1.4.1 Materials andMethods

Participants

We recruited 50 participants from AmazonMechanical Turk. Participants’ demographic infor-

mation was not collected. Participants completed a comprehension check before they moved on
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to the experiment. They were not allowed to proceed until they answered all the comprehension

check questions correctly. Participants received a base pay of $2 and a potential bonus payment up

to $1. The amount of bonus they received was equal to the probability they put on the realized lift

outcome on a randomly picked round. We chose this bonus scheme because it is incentive compat-

ible: Expected bonus is maximized by reporting their best estimate of the lift probability. To ensure

data quality, we included two attention check questions in the experiment. Participants who failed

one attention check were warned immediately to pay closer attention. Participants who failed both

attention checks were asked to leave the experiment and they were not counted towards the 50 par-

ticipants we recruited. A total of 10 participants failed one attention check, and we did not exclude

their data in our analysis. The Harvard Institutional Review Board approved the experimental pro-

cedures and participants provided informed consent prior to the experiment.

Procedure

Participants observed six contests between different pairs of contestants (see Table 1.2 for a descrip-

tion of the contests; the order was randomized). In each contest, the contestants were given three

attempts to lift a box, corresponding to three rounds. In the first two rounds, the contestants tried

lifting the box themselves. The reward for lifting the box was $10 in Round 1 and $20 in Round

2. In the third round of each contest, the two contestants tried to lift the box together for a reward

of $20 for each. Participants first saw the lift outcome of Round 1 and made strength judgments

(1-10; 1 means extremely weak and 10 means extremely strong) and effort judgments (0-100%) for

each contestant. For Round 2 and Round 3, they predicted the probability of the contestants lifting

the box (0-100%) before seeing the outcome, then observed the actual outcome and made strength

and effort judgments. Note that participants made effort judgments only when the outcome was

Lift. Participants were informed that the weight of the box was always the same and equivalent to a

strength of 5 (i.e., an average contestant with strength 5 exerting all of their effort would be able to
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lift the box). Participants also saw a table of all the previous outcomes when making their guesses.

Figure 1.2 shows an illustration of the task.

Table 1.2: Lift outcome Experiment 1 scenarios.

Scenario Agent Round 1 Round 2 Round 3

F,F;F,F A Fail Fail FailB Fail Fail

F,F;F,L A Fail Fail FailB Fail Lift

F,L;F,L A Fail Fail LiftB Lift Lift

F,F;L,L A Fail Lift LiftB Fail Lift

F,L;L,L A Fail Lift LiftB Lift Lift

L,L;L,L A Lift Lift LiftB Lift Lift
Note: We re-organized the data such that Agent A is the
weaker contestant and Agent B is the stronger contestant
in each contest when they had different outcomes. The side
was randomized in the experiment.

1.4.2 Results

As a preliminary check, we plotted participants’ strength judgments on top of the model predic-

tions (Figure 1.3A). The model predictions were similar to the behavioral data overall, except that

the compensatory effort model and maximum effort model could not generate predictions in a few

scenarios and rounds. The compensatory effort model could not predict contestants’ strength in

Round 3 of ‘F,L;F,L’, ‘F,F;L,L’, ‘F,L;L,L’, and ‘L,L;L,L’, since it predicts that the Round 3 outcome

of these scenarios should always be Fail, but the observation is Lift. The maximum effort model

could not make predictions for ‘F,F;F,L’, ‘F,F;L,L’, and ‘F,L;L,L’, simply because if contestants al-

ways exert 100% of their effort, then they would not fail in Round 1 and lift the box in Round 2.
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Round 1
E�ort & Strength

Round 2
Lift probability

Round 2
E�ort & Strength

Round 3
Lift probability

Round 3
E�ort & Strength

Figure 1.2: Example contest in Experiment 1. Each contest consists of three rounds. In Round 1, participants observed
individual lift outcomes and reported their judgments of contestants’ effort and strength. In Round 2, participants first
guessed the lift probability when reward is increased from $10 to $20, then reported effort and strength judgments
after observing Round 2 outcomes. In Round 3, participants guessed the probability of the two contestants lifting the
box together, and reported effort and strength judgments of each contestant after observing the Round 3 outcome. At
all times, participants saw a table of previous lift outcomes in that contest.

Note that the solitary effort model’s predictions in all the scenarios except ‘F,F;F,F’ are disguised

by that of joint effort model. Both the joint effort model and solitary effort model fail to make pre-

dictions for strength in Round 3 of ‘F,F;F,L’, as they both predict that the outcome should be Lift,

conflicting the observation.

One major hypothesis concerns how effort judgments change from Round 2 to Round 3. If

participants believed that contestants put in less effort when they worked together to lift the box

in Round 3, compared to trying to lift the box by themselves in Round 2, then we should see a de-

crease in effort from Round 2 to Round 3. We selected trials from scenarios ‘F,F;L,L’, ‘F,L;L,L’,

and ‘L,L;L,L’ where participants reported Round 2 effort judgments for both contestants, excluded

Round 1 trials, and ran a linear mixed-effects regression regressing Effort on Round and Agent, with

random effects for the intercept, Round, and Agent grouped by participants. Indeed, the regression

results revealed that effort decreased from Round 2 to Round 3 [t(49.0) = −5.160, p < .0001].

Figure 1.3B visualizes this effect and shows that only the joint effort model makes this prediction.

The solitary effort model predicts that effort should not change from Round 2 to Round 3, when

contestants switched from lifting the box themselves to lifting together. The compensatory effort

model could not predict contestants’ effort in Round 3 and the maximum effort model could not
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make predictions for ‘F,F;L,L’, and ‘F,L;L,L’, as explained above.

Another hypothesis concerns the lift probability in Round 3. The lift probability should increase

as contestants get stronger (moving from left to right along the x-axis). The lift probability should

also be pretty high when at least one contestant had a successful lift, that is, all the scenarios except

for ‘F,F;F,F’. However, in ‘F,F;F,F’ when both contestants failed in both rounds, the lift probability

should be non-zero, given that the two contestants were attempting to lift the box together. One-

sample t-test showed that participants believed that the lift probability for ‘F,F;F,F’ was different

from zero [t(49) = 10.42, p < .0001]. Figure 1.3C confirms these hypotheses and shows that

the joint effort model is the only model that exhibits these patterns. The solitary effort model pre-

dicts that the lift probability is zero in ‘F,F;F,F’. Again, the maximum effort model could not make

predictions for ‘F,F;F,L’, ‘F,F;L,L’, and ‘F,L;L,L’.

Figure 1.4 compares model predictions to participants’ judgments regarding the lift probability,

effort, and strength. Overall, the joint effort model provides the best fit to the behavioral data. Aside

frommissing predictions in certain scenarios and rounds (the compensatory effort model could not

predict effort and strength in Round 3 for any scenarios except ‘F,F;F,F’, and the maximum effort

model could not make predictions for scenarios ‘F,F;F,L’, ‘F,F;L,L’, and ‘F,L;L,L’), the compen-

satory effort model failed to predict the lift probability. The solitary effort model and the maximum

effort model failed for effort judgments.

1.4.3 Discussion

In Experiment 1, we studied participants’ judgments of strength, effort, and lift probability in both

individual lifting and collaborative lifting, based on observations of previous lift events. The joint

effort model provides predictions that are qualitatively similar to the behavioral data, including the

decrease in effort from Round 2 to Round 3, the non-zero lift probability in Round 3 of scenario

‘F,F;F,F’, and the high lift probability in Round 3 of all the other scenarios. The joint effort model
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also provides the overall best fit, compared to the alternative models. We conclude that people em-

ploy an intuitive theory of beliefs, desires, and competences, to reason recursively about joint effort.

1.5 Experiment 2

To test our theory’s flexibility, in Experiment 2, we ask how people assign incentives to teams, based

on knowledge about their strength. To differentiate between the models, we designed the experi-

ment such that across multiple rounds in each contest, the strongest contestant is always involved in

the group lifting. We also made sure that all the contestants in this experiment are strong enough to

lift the box by themselves.

We expect qualitatively different predictions from the models. The joint effort model predicts a

decrease in incentive when the contestants are stronger. The solitary effort model predicts no change

in incentive across different rounds, because it assumes that the stronger contestant is effectively

the one who determines the lower bound of the incentive required, and since that contestant is not

changing across rounds in a contest, the incentive should not change either. The compensatory

effort model and maximum effort model both predict zero incentive, though for different reasons.

The compensatory effort model predicts that since every contestant is strong enough to lift the box

by themselves, two contestants would never lift the box together successfully, thus no incentive

should be wasted on this impossible mission. The maximum effort model, in contrast, predicts that

the contestants would lift the box regardless of the incentive, assuming that everyone would always

be exerting 100% of their effort. Therefore, $0 incentive would be the best choice.
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1.5.1 Materials andMethods

Participants

We recruited 98 participants from AmazonMechanical Turk. Participants’ demographic informa-

tion was not collected. Same as in Experiment 1, participants completed a comprehension check

before starting the main experiment. Participants received a base pay of $0.5 and a potential bonus

payment up to $6. The bonus payment depended on the incentive participants provided to the

contestants and whether the lifting turned out successful given the incentive. Specifically, for ev-

ery successful lift, participants received $0.4; for every dollar of incentive they gave out, $0.002 was

deducted from their bonus payment, regardless of the lift outcome. ** The Harvard Institutional

Review Board approved the experimental procedures and participants provided informed consent

prior to the experiment.

Procedure

Participants observed five different contests between different teams of contestants. In each contest,

participants saw four different contestants and the minimum incentive each would accept to lift

the box alone as a reference point. To give participants a better sense of what the minimum incen-

tives meant, we converted the minimum incentive each contestant required to an estimate of their

strength (see Figure 1.5 for an illustration of the task). In each round of the contest, the strongest

contestant was always among the pair of contestants attempting to lift the box, while the other con-

testant was one of the remaining contestants. We intentionally included a contestant (Contestant

D) who is as strong as the strongest contestant (Contestant A). This is when the models (specifi-

**Note that we did not use attention checks in Experiments 2 and 3. Our results from Experiment 1 sug-
gest that participants’ overall performance on the attention checks was high (3 participants failed the first
attention check, 7 participants failed the second attention check), and that the interpretation of the results
does not change regardless of whether we exclude participants who failed one attention check.
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Figure 1.5: An example contest in Experiment 2. Each contest contains three rounds, and in each round, the strongest
contestant (to the left) attempts to lift a box with one of the three contestants to the right. Participants reported how
much incentive they were willing to provide to each pair of contestants.

cally, the joint effort model and the solitary effort model) make the most distinct incentive predic-

tions quantitatively: The solitary effort model’s predictions do not change as long as Contestant D

is not stronger than Contestant A, whereas the joint effort model’s predictions decrease when the

teammate gets stronger. This difference in prediction is the largest when the teammate is as strong

as the strongest contestant. Participants decided howmuch incentive to provide each pair of contes-

tants to lift the box together. They were told that the same incentive would go to both contestants,

i.e., if participants provided $50 to a pair of contestants, then both contestants would get $50 if they

lifted the box together successfully. The box weight was fixed at 5, as in Experiment 1. Participants

also completed three training trials where they tested how a random contestant would respond to

different incentives.

1.5.2 Results

To test the hypothesis that the incentive will decrease when one teammate becomes stronger, we

constructed a linear mixed-effects model, in which we regressed Incentive on the strength of the two

contestants involved in the lifting, with participant-level random effects for all the regressors. We

found that controlling for the strength of the stronger contestant who remained the same through-
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out each contest, the strength of the weaker contestant had a statistically significant negative effect

on the incentive provided by the participants [t(1167.0) = −12.595, p < .0001]. This result is

visualized in Figure 1.6A.

Both the compensatory effort and maximum effort models predict that the optimal incentive

should be $0 across all rounds and contests. The solitary effort model predicts that the incentive

provided to the contestants should remain the same when the stronger contestant was unchanged,

as shown in Figure 1.6A. Only the joint effort model showed the trend of incentive decreasing

within each contest. This is also validated by the high Pearson correlation coefficient (r = 0.95;

Figure 1.6B).

1.5.3 Discussion

Experiment 2 is the application of our theory to the problem of incentive selection. With a task that

controlled for the stronger contestant’s strength, the joint effort model showed qualitatively similar

predictions to the behavioral data, while all the other models made distinct predictions regarding

how the incentive should change as a function of teammate strength.

1.6 Experiment 3

In Experiment 3, we further extend the model to the problem of team selection. Besides manipulat-

ing contestants’ strength, we manipulated their effort cost (the α parameter in our model). We also

designed different box weights such that weaker but more hard-working contestants and stronger

but lazier contestants are favored differently: Weaker but more hard-working contestants should be

preferred when the box is light, due to their lower effort cost. In contrast, stronger but lazier contes-

tants should be preferred when the box is heavy because weaker contestant would not be able to lift

a box that is too heavy for them no matter how hard they try. In addition, if we allow contestant-
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Figure 1.6: (A) Incentive provided to pairs of contestants in Experiment 2. Each panel corresponds to the strongest
contestant’s strength in each contest. (B) Comparison between behavioral data and model predictions of incentive
in Experiment 2. Pearson correlation coefficient shown at the bottom right of each subplot. Error bars in (A) indicate
bootstrapped 95% confidence intervals; error bars in (B) indicate 95% normal confidence intervals.

specific rewards (i.e., different contestants on the team can receive different rewards) then we should

see that the incentive allocated to each contestant correlates with how often they are selected.

The models generate distinct predictions regarding who to select. The joint effort model follows

a similar logic as above. The solitary effort model will always pick contestants who are able to lift the

box themselves, and if forced to include another contestant on the team, it will not expect the other

contestant to exert any effort. The compensatory effort model only considers a group lifting possible

when the sum of the contestants’ strength equal the box weight (i.e., when both contestants exert all

their effort). Otherwise, it assumes that the group lifting is impossible anyway and therefore values
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every contestant equally. The maximum effort model makes similar predictions as the joint effort

model in terms of who to select, but when more than one group of contestants are able to succeed in

lifting, it values them all equally, since it doesn’t take into account their effort costs; all it cares is each

contestant’s strength. These differences should also be reflected in the incentives assigned to each

contestant.

1.6.1 Materials andMethods

Participants

We recruited 101 participants from AmazonMechanical Turk. Participants’ demographic informa-

tion was not collected. Same as in Experiment 1 and Experiment 2, participants completed a com-

prehension check before starting the main experiment. Participants received a base pay of $0.5 and

a potential bonus payment up to $3. The bonus payment depended on the incentive participants

provided to the contestants and whether the lifting was successful given the incentive: For every suc-

cessful lift, participants received $1; for every dollar of incentive they gave out, $0.01 was deducted

from their bonus payment, regardless of the lift outcome. The Harvard Institutional Review Board

approved the experimental procedures and participants provided informed consent prior to the

experiment.

Procedure

Participants observed three different contests between three contestants who had different strength

and laziness. Participants knew each contestant’s strength and the minimum incentive each would

accept to lift the heaviest box they could (box weight equivalent to their strength), as shown in Fig-

ure 1.7A. This provides participants information about each agent’s effort cost, which equals the

minimum incentive they would accept to lift the heaviest box they could (i.e., minimum incentive
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Figure 1.7: (A) Contestants in Experiment 3. (B) Proportion of times each contestant was selected for each contest in
Experiment 3. Contests are identified by their box weights, which appear above each plot. (C) Total incentive provided
to contestants in Experiment 3. (D) Incentive provided to each contestant in Experiment 3. Each plot corresponds to an
individual contestant. Error bars in (B) indicate 95% confidence intervals of proportions; error bars in (C) and (D) indicate
bootstrapped 95% confidence intervals.

is equivalent to α · 100%). The box weight varied from contest to contest, ranging from 10 to 7 to

6. In each contest, participants first selected two contestants to do the lifting together, then decided

the incentive they would provide to each contestant. Note that in this experiment, each contestant’s

incentive was contestant-specific. In other words, instead of both contestants receiving the same

incentive, participants chose a separate incentive for each contestants. We constrained participants’

budget in each contest to $50 (i.e., the total incentive they gave out in each contest could not ex-

ceed $50). Participants also completed six training trials where they tested how a random contestant

would respond to different incentives given two different box weights.
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1.6.2 Results

When the box weight was 10, the joint effort model predicts that Contestant A will always be se-

lected, because without Contestant A, Contestant B and Contestant C’s total strength was smaller

than the box weight. As for the other teammate, the joint effort model predicts that Contestant C

will be preferred over Contestant B, because selecting Contestant B would entail a higher effort cost.

When the box weight was 6 or 7, however, the joint effort model predicts that Contestant B and

Contestant C will be selected because their total strength was equal to or exceeded the box weight,

and their effort would cost less than Contestant A. This was indeed what we saw from the behav-

ioral data (Figure 1.7B): When the box weight was 10, 92.08% of the participants (n = 93) selected

Contestant A. More participants selected Contestant C (64.36% of the participants, n = 65) over

Contestant B (43.56% of the participants, n = 44). When the box weight was 7, only 35.64% of the

participants (n = 36) selected Contestant A. 89.11% of the participants (n = 90) selected Contestant

B, and 75.25% of the participants (n = 76) selected Contestant C. When the box weight was 6, only

25.74% of the participants (n = 26) selected Contestant A. 93.07% of the participants (n = 94) se-

lected Contestant B, and 81.19% of the participants (n = 82) selected Contestant C. As shown in

Figure 1.7B, the joint effort model is the only model that shows a pattern qualitatively similar to the

behavioral data. Figure 1.8 validates this conclusion with a Pearson correlation coefficient of 0.91

between the behavioral data and the joint effort model’s predictions.

We also looked at how the total incentive and individual incentive changed with box weight.

If the participants believed that the box was liftable in all three contests, then the total incentive

should increase with box weight. As expected, we saw a monotonic increase in the total incentive

allocated to contestants as the box weight increased (Figure 1.7C), confirmed by a linear mixed-

effects regression which regressed the total incentive on the box weight, with random effects of the

intercept and the box weight grouped by participants [t(201.0) = 12.232, p < .0001].
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The joint effort model predicts that the incentive allocated to each contestant should change

according to how likely they are to be selected. Across the three contests, we should see an overall

trend of Contestant A’s incentive increasing with box weight, and Contestant B and Contestant C’s

incentive decreasing with box weight. There should not be a big difference between box weight of

6 and box weight of 7, so the transition from box weight of 7 to box weight of 10 should primarily

determine the trend. From three separate linear mixed-effects regressions constructed for the three

contestants, each of which regressed the incentive allocated to the contestant on the box weight,

with random effects of the intercept and box weight grouped by participants, we found that the

incentive for Contestant A increased with box weight [t(201.0) = 14.801, p < .0001], incentive

for Contestant B decreased with box weight [t(229.2) = −10.56, p < .0001], and incentive

for Contestant C decreased with box weight [t(201.0) = −1.910, p = .058]. The incentive for

Contestant C showed a non-significant trend towards decreasing with box weight, likely because

Contestant C’s minimum incentive is too low to allow for sufficient variation. These effects are

visualized in Figure 1.7D.

To confirm these results, we directly tested the correlation between the incentive allocated to each

contestant and whether they were selected. From three separate linear mixed-effects regressions (one

for each contestant) with incentive as the dependent variable and a categorical variable that indicates
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whether the contestant was selected being the predictor variable, along with random effects of the

intercept and the categorical variable grouped by participants, we found that incentive increased

when the contestant was selected. This effect was significant for all three contestants: Contestant A

[t(105.8) = 35.15, p < .0001], Contestant B [t(176.9) = 31.82, p < .0001], and Contestant C

[t(102.1) = 9.544, p < .0001].

1.6.3 Discussion

Experiment 3 asked participants to make judgments regarding team selection: who to select and

howmuch incentive for each teammate. As predicted by the joint effort model, participants cared

about the total strength of the contestants when deciding whether they would be able to lift the box

together, therefore favored the strongest contestant (Contestant A) when the box was very heavy

(box weight = 10). When the box was lighter (box weight = 6 or 7), however, participants favored

contestants who were more hard-working, which entailed lower effort cost (Contestants B and

C). The total incentive increased with box weight and the incentive participants provided to each

contestant corresponded to their selection of teammates. For all three judgments, the joint effort

model’s predictions were qualitatively similar to the behavioral data, while the other three models all

made predictions that deviated systematically from the data.

From Figure 1.7B, we see that humans exhibited a preference for certain contestants over oth-

ers; for example, when the box weight was 6 and 7, some participants selected Contestant A over

Contestant C, thereby showing a clear preference for Contestant B over Contestant C. This pattern

was not observed in the joint effort model’s predictions. It is worth noting, however, that there is

an important methodological difference between Experiment 3 and Experiment 1. In Experiment

3, each contestant’s strength is determined by the experimental setup; therefore the model does not

infer contestants’ strength, which makes it impossible for the joint effort model to choose proba-

bilistically. In other words, the joint effort model cannot choose another partner because of the way
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that the decision rule is set up. It is possible that, with a different decision rule, we could bring the

quantitative pattern of the data arbitrarily close to human judgments, but that would not change

the substance of the model. The important point is that the joint effort model captures human in-

tuitions about which collaborative partner would be preferred.

1.7 General Discussion

We presented a Collaborative Utility Calculus framework which extends theory of mind reasoning

to include an agent-specific representation of competence and effort. We applied this framework to

collaborative cognition, where multiple agents work together in order to achieve goals that may be

impossible for any individual. To succeed in these collaborative tasks, we argued that agents must

know what other agents are capable of doing and howmuch effort they are willing to exert.

Through three studies, we demonstrated that people make judgments about competence, effort,

incentives, and team structure that are in broad agreement with our framework. In Experiment 1,

we found that people can infer others’ competence through observations of behavior. More impor-

tantly, people can generalize individual agents’ behavior to multi-agent contexts and make infer-

ences about group behavior, including predicting whether a collaboration will be successful, and

inferring the amount of effort collaborators exert, without any direct observation. In Experiment 2,

we found that people assigned incentives to teams based on considerations of their strength, and in

Experiment 3, we found that people allocated individuals to teams and selected incentives for them

according to agent-specific attributes and agent-general tasks. Taken together, we showed that peo-

ple are capable of making inferences regarding collaborative behavior and applying these inferences

to tackle novel problems of incentive selection and team selection.

We showed that human judgments of collaborative behavior were well-predicted by a multi-agent

joint effort model grounded in recursive reasoning of effort between agents. Alternative models
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that did not invoke recursive reasoning failed to capture the data, suggesting that recursive theory of

mind plays a central role in human collaboration.

While the joint effort model qualitatively resembled the data, people reported lower probabilities,

greater effort, and higher incentives compared to the joint effort model. This raises the possibility

that people are risk-averse, erring on the side of safety by preferring a slightly lower bonus over no

bonus. We explored this possibility by creating a safe joint effort model, in which a hindrance fac-

tor is added to hedge the model’s predictions, as we speculate that participants are doing. Instead

of satisfying Equation 1.4, the safe joint effort model requires that the sum of agents’ effort times

strength has to be greater than or equal to the box weight plus this additional hindrance factor. This

model yields predictions that are quantitatively closer to human judgments. Since the predictions of

this safe joint effort model are qualitatively similar to the original joint effort model, we decided for

exposition purposes to keep the simpler model in the main text but include the elaborated model in

the supplemental material (Figures S1-S5). The safe joint effort model is also able to offer a plausible

explanation regarding why participants in Experiment 1 were able to make strength judgments in

Round 3 of scenario ‘F,F;F,L’ while the joint effort model could not: When the hindrance factor is

large (greater than 1.5), the safe joint effort model is able to make predictions for this scenario.

Our work complements past research on collaboration. Evolutionary theories of collaboration

address how collaboration could have emerged as evolutionarily stable strategies at the population

level101. Economic theories of collaboration are concerned with the structure of the task: under

what combinations of incentives agents could be expected to cooperate148. The machine learning

literature on collaboration focuses on how agents carry out sub-tasks in cooperative multi-agents

systems e.g.,171. Our work provides a different perspective on collaboration, grounded in a formal

description of the cognitive capacities that enable individuals to coordinate collaborative actions,

and validated through tasks with rich psychological structure.

One limitation of our work is that we constrained the experimental setup to teams of two agents;
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in principle, however, our framework can generate predictions for larger teams. Moving forward,

our framework may shed light not only on how humans reason about beliefs, desires, competence,

and effort in larger collaborations, but also what the boundaries of these reasoning abilities may

be. From a computational perspective, we might expect agents to replace optimal recursive reason-

ing (which is intractable for large groups) with simpler heuristics e.g.81. When viewed through a

resource-rational lens65,141, the heuristics used by the alternative models are plausible “shortcuts”

to joint inference, and these models may be useful in diagnosing why collaborations sometimes fail.

An open question for future work is how cognitively bounded groups of agents can realize resource-

rational collaboration by optimally allocating their cognitive resources.

Understanding how well these inferences scale to larger teams—and when they begin to break

down—may also provide a cognitive perspective on the design of organizations: Organizations make

social reasoning easier by breaking down a large, sprawling structure into smaller work teams or

chains of command, thus limiting the number of individuals with whom any one worker has to

coordinate. Understanding the limitations of human social reasoning may inform the design of

organizations and administrative structures that are adapted to those limitations129.

Another limitation of our work is that we operationalized competence as physical strength.

Moreover, we simplified our analysis by treating strength as a static, scalar quantity. In real-world

problems, competence is instead multidimensional and dynamic. Even within the domain of phys-

ical strength, one might be able to lift more weight during deadlifts than during chest presses, and

the heaviest weight that one can lift may increase with consistent practice. Moving beyond the phys-

ical domain, real-world collaborations unite the efforts of people with varying cognitive skills and ex-

pertise, and the most relevant expertise that one has to offer may depend on the composition of the

rest of the group—for example, an individual researcher with expertise in both computational mod-

eling and experimental design may tackle the computational modeling in a team composed mostly

of experimentalists, and implement experiments in a team of mostly theorists. Thus, one intrigu-
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ing extension of our framework would be to allow agents to have varying degrees of competence in

varying domains, effectively operationalizing competence as a vector rather than as a scalar quantity.

In doing so, our framework may then be extended to predict how teams divide labor based on the

expertise of agents in different tasks.

Our framework can be extended to treat competence as a dynamic, rather than a static, property.

Competence can both increase and decrease over long periods of work. On one hand, after perform-

ing the same task many times—such as lifting a heavy weight, or manufacturing pins, or building

computational models—individuals may become more efficient, able to carry out the same work for

less effort. Indeed, foundational economic accounts suggest that this increase in competence is one

of the chief benefits of division of labor206: by specializing narrowly, individual workers can become

more efficient at their particular task, thus outperforming generalists. On the other hand, there is

also a downside to this repetition: Over time, an individual may grow bored with doing the same

task, or carry out the same task less efficiently due to fatigue.

One particularly important problem for future work is understanding how skills are taught and

transferred over long-term collaborations, such as in apprenticeships between craftspeople or in

the mentoring relationship between an advisor and their student. Indeed, evolutionary accounts

of teaching propose that teaching co-evolved with the use of complex tools, where more complex

technical skills require more sophisticated, efficient means of transferring those skills between in-

dividuals149,30. However, little is known about how teachers select what skills to impart to their

students, particularly in contexts where students can then hone these skills on their own through

practice. Most laboratory experiments of teaching instead focus on how teachers select information

that will change the mental states of a learner—such as what they believe200 or value105—rather

than their skills (but see Kleiman-Weiner et al. 125).
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1.8 Conclusion

In sum, we have provided evidence that collaborative decisions are scaffolded by recursive inferences

about others’ effort and competence. We presented a Collaborative Utility Calculus framework

that captures qualitative patterns in human judgments across a variety of decisions that are criti-

cal for collaboration, such as predicting whether a joint task will succeed, deciding what incentives

to provide to collaborators, and choosing whom to recruit for a collaborative task. Moving for-

ward, important tasks for future work include understanding the limits of these inferences—such as

how well they scale to larger groups—and building dynamic, multidimensional representations of

competence into the model. Ultimately, our goal is to more completely formalize the rich cognitive

capacities that support human collaboration.
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2
Actual and counterfactual effort contribute

to responsibility attributions in

collaborative tasks

2.1 Abstract

How do people judge responsibility in collaborative tasks? Past work has proposed a number of

metrics that people may use to attribute blame and credit to others, such as effort, competence, and

force. Some theories consider only the actual effort or force (individuals are more responsible if
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they put forth more effort or force), whereas others consider counterfactuals (individuals are more

responsible if some alternative behavior on their or their collaborator’s part could have altered the

outcome). Across four experiments (N = 717), we found that participants’ judgments are best

described by a model that considers both actual and counterfactual effort. This finding generalized

to an independent validation data set (N = 99). Our results thus support a dual-factor theory of

responsibility attribution in collaborative tasks.

2.2 Introduction

When humans collaborate, we often face the problem of apportioning responsibility for the out-

come of the collaboration. When a scientific teammakes a new discovery, who gets the credit?

When a new product tanks, who in the company shoulders the blame? Responsibility attributions

are not only important in splitting the spoils of past collaborations; they also help teams better adapt

to new ones, by informing decisions about whom to recruit for a future collaboration, or about how

to structure teams to increase the chances of success in the future. However, compared to judging

an individual’s responsibility for their own, isolated actions, responsibility attributions in collabora-

tive settings pose a unique challenge: When multiple agents bring about a single outcome, how do

we judge the responsibility of each agent?

One simple solution to this problem would be to simply share blame and credit evenly among

all collaborators. However, responsibility attributions in collaborative tasks are often uneven. For

example, suppose that you and your friend are trying to lift a couch up a flight of stairs. You both

grab the underside of the couch and try to pull the couch up. You are not very strong, so you decide

to put in an all-out effort and pull with all your might. Your friend gives the couch a gentle pull, but

she is a champion powerlifter, so even a gentle effort from her outstrips the force you have applied.

The couch refuses to budge. Even though you actually contributed less, your friend may receive
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a greater share of the blame. Because your friend is stronger and put in less effort, she could have

contributed more and potentially changed the outcome. Indeed, past work has found that young

children give a greater share of the rewards of successful collaborations to collaborators who did

more191, and adults give a greater share of the blame for failed collaborations to collaborators who

could have changed the outcome2.

Currently the literature offers several conflicting accounts of the precise computations that drive

these intuitions. These various accounts agree, however, on one central premise: Responsibility

judgments are deeply tied to the process of causal attribution251. People hold others responsible for

outcomes they cause, and exculpate them from responsibility otherwise. However, past accounts

have proposed a number of metrics that people may use to attribute causation. They largely fall

under two styles of reasoning: production style and counterfactual style91.

Classical production-style theories attribute causation based on the force that one object or agent

exerts on another. Dowe 54 described causal interactions as exchanges of conserved quantities, such

as force passed from one object or agent to another. Following Talmy’s (1988) analysis of linguistic

notions of causation, Wolff 254 developed a force dynamics model, characterizing causation as a pat-

tern of forces and a position vector. According to this account, the representation of causal events

consists of the magnitude and direction of the forces of a patient and an affector. An affector causes

a patient to approach an end state only if the patient lacks the tendency to approach the end state

but ends up doing so under the impact of the affector. For example, if a woman walks towards a

man unwillingly only because a police officer directs her to do so, this scene would be interpreted

as “the officer caused the woman to walk to the man”. Causal judgments are thus made by com-

bining the forces produced by agents, making force a possible metric for responsibility attributions.

Production-based models have also been applied to moral judgments85,166,243.

While production-style models typically involve a chain of events where some quantity is trans-

mitted from cause to effect, they are just one canonical, well-studied example of a broader fam-
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ily of models that track agents’ actual contributions to an event. Here we use the term actual-

contribution models to refer to a broader class of theories that hold an agent responsible for an event

based on actual properties of that agent (as opposed to counterfactual ones). Our category of actual-

contribution models is thus a) broader in the sense that they encompass more than force, and b)

apply to judgments of responsibility rather than causation. Specifically, in addition to force, we

also consider the competence of agents (i.e., the maximum amount of force they can generate) and

the effort actually exerted (i.e., the proportion of competence exerted—that is, force divided by

competence). Related to our notion of competence, Gerstenberg et al. 68 found that responsibil-

ity judgments are closely related to agents’ skill levels: Skilled players receive more blame for losses

than unskilled players, but receive similar credit for wins compared to unskilled players. And, related

to our notion of effort, some studies argue that moral judgments are based on the degree of effort

exerted in performing the act: Greater effort in performing immoral acts would lead to more blame,

whereas greater effort in performing moral acts would lead to more credit17,116. Individuals also

tend to be punished more if they fail for lack of effort, rather than lack of ability250.

In contrast, counterfactual-style accounts propose that causal judgments are made by consid-

ering whether the outcome would be different in an alternative world where the agents had acted

differently. An agent bears responsibility to the extent that their actions were necessary to the out-

come. This form of counterfactual dependence is especially important for causal attributions in

moral judgments147. Chockler and Halpern 40 proposed a model of responsibility which assigns re-

sponsibility based on the minimal number of changes that have to be made to obtain a contingency

where an outcome depends on an event. This model has since been supported by experiments that

manipulated the contributions of different agents to a group outcome72,271.

In this paper, we explore how reasoning about agents’ actual contribution and counterfactual

contribution contribute to responsibility judgments in a collaborative box-lifting task. Across five

experiments, we compared participants’ judgments to seven models: three actual-contribution mod-
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els (which map agents’ actual force, strength, or effort directly onto responsibility judgments), three

counterfactual-contribution models (which base their judgments on different effort counterfac-

tuals), and an ensemble model that combines aspects of the winning actual- and counterfactual-

contribution models *. Here, force is operationalized as the physical force exerted by each agent on

the box; competence, or strength, is operationalized as the maximum force an agent could exert; and

effort is operationalized as the proportion of strength exerted (i.e., force divided by strength). In-

formed by these models, we designed a range of scenarios involving different levels of competence,

effort, force, and box weight. Below, we describe our theoretical framework in more detail.

2.3 Theoretical framework

In the experiments below, participants viewed vignettes where pairs of agents attempted to lift a box

together, and participants apportioned credit (when the lift was successful) or blame (when it failed)

to individual agents. Each box has some weightW, and each agent a has a strength Sa ∈ [1, 10]

defined as the maximum degree of force that they can exert. Each agent chooses howmuch force to

exert (Fa ∈ [0, Sa]); the subjective effort needed to produce this force is given by the proportion

Ea = Fa
Sa . Finally, the two agents successfully lift the box if their combined force is greater than or

equal to the weight of the box. In other words, the outcome is determined by L = I[
∑

a Fa ≥ W],

where I is an indicator function; L = 1 indicates that the lift was successful (L = 0 otherwise). We

useRa to denote the responsibility (blame or credit) assigned to each agent after the lift attempt.

Below we describe how each model computes responsibility based on a description of the lifting

event. Table 2.1 summarizes the models, organized by reasoning style. At the end of the Theoretical

framework section, we apply the models to a concrete example to illustrate how the models compute

responsibility judgments.

*All data and code are publicly available at https://github.com/yyyxiang/responsibility_
attribution.
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Table 2.1: Summary of the models. The best‐fitting model in each reasoning style is in boldface.

Reasoning style Model
Force

StrengthActual contribution
Assigns responsibility based on the focal agent’s actual properties

Effort
Focal agent only

Non-focal agent onlyCounterfactual contribution
Assigns responsibility based on howmuch effort could have exerted

Both agents
Ensemble

Averages the outputs of the best actual- and counterfactual-contribution models Ensemble

2.3.1 Actual-contribution models

• Force model. The force (F) model judges responsibility based on howmuch force an agent

generates in the event. Agents who exert more force are credited more for successes and

blamed less for failures:

RF
a ∝


Fa if L = 1

10− Fa if L = 0
(2.1)

• Strength model. The strength (S) model considers agents’ strength as the metric for re-

sponsibility judgments. Gerstenberg et al. 68 found that stronger agents are blamed more for

failures. Although they did not find the same for credit assignment, intuitively, in a collabo-

rative setting where each person’s contribution is not directly observable, stronger people are

blamed more for failures and credited more for successes. Imagine a scenario where an adult

and a toddler lift a heavy box together. Their force and effort are unknown, although greater

force on the part of the grownup might be inferred due to their superior strength. It would

be natural to attribute the success mostly to the adult, rather than to the toddler. Following

these intuitions, we design our Strength model in such a way that stronger agents are credited

58



more for successes and blamed more for failures:

RS
a ∝ Sa (2.2)

• Effort model. The effort (E) model attributes blame and credit based on the level of effort an

agent exerts. Agents who exert more effort are credited more for successes and blamed less for

failures:

RE
a ∝


Ea if L = 1

1− Ea if L = 0
(2.3)

2.3.2 Counterfactual-contribution models

We adapt Icard et al.’s (2017) quantitative measure of causal strength to construct our counterfactual-

contribution models. The key point of their theory is that people sample counterfactuals when they

are making causal judgments, and the causal strength is a combination of actual necessity (whether

changes in the focal agent could change the outcome) and robust sufficiency (whether changes in

background conditions could change the outcome). When applied to our setup, the focal agent

refers to the agent people are judging, and background conditions refer to the non-focal agent (the

other agent).

Our counterfactual-contribution models consider whether the outcome would have been dif-

ferent if one or more agents had acted differently. According to Kahneman andMiller’s (1986)

norm theory, people are more likely to simulate modifications of variables that are moremutable

(i.e., variables that could plausibly have been different). Similarly, Girotto et al. 79 found that peo-

ple tend to mutate controllable events. In our setup, effort is more controllable and mutable than

strength—it is more plausible that agents could have exerted more or less effort, compared to agents

having more or less strength (at least on a short timescale). The key implication is that agents should

59



be credited or blamed more based on howmuch effort they could have exerted. This idea is broadly

consistent with the account of negligence developed by Sarin and Cushman 190 , who argued that

people punish negligence when others could have exerted more mental effort (e.g., bringing to mind

information useful for avoiding important risks).

In light of these points, our counterfactual-contribution models consider whether a counter-

factual effort allocation (denoted as E′) could have altered the outcome. If agents fail, we consider

whether they could have done more to change the outcome (upwards counterfactuals); if they suc-

ceed, we consider whether doing less would have changed the outcome (downwards counterfactu-

als). These assumptions agree with studies showing that people engage in upward counterfactual

thinking after failures and downward counterfactual thinking after unexpected successes189.

Each agent’s probability of changing the outcome is defined as:

Pa =


∑

E′a P(E
′
a)I[E′aSa + E/aS/a < W] if L = 1∑

E′a P(E
′
a)I[E′aSa + E/aS/a ≥ W] if L = 0,

(2.4)

where /a indexes the agent other than agent a. For simplicity, we assume counterfactual efforts (E′a)

are drawn from discrete uniform distributions in increments of 0.01, ranging between 0 and Ea

when L = 1, and between Ea and 1 when L = 0.

• Focal agent only The Focal-agent-only (FA) counterfactual model only considers counter-

factual actions on the part of the focal agent. The focal agent’s responsibility is proportional

to the likelihood of her changing the outcome by altering her effort allocation, while holding

the non-focal agent’s effort allocation fixed:

RFA
a ∝ Pa (2.5)
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In other words, the more likely the focal agent is able to change the outcome, the more blame

she gets for failures and the more credit she gets for successes.

• Non-focal agent only The Non-focal-agent-only (NFA) counterfactual model only consid-

ers counterfactual actions of the non-focal agent. Holding the focal agent’s effort allocation

fixed, the more likely the non-focal agent is able to change the outcome, the less blame the

focal agent gets for failures and the less credit the focal agent gets for successes:

RNFA
a ∝ 1− P/a (2.6)

• Both agentsThe both-agent (BA) counterfactual model considers counterfactual actions of

both the focal agent and the non-focal agent, i.e., a weighted combination of the Focal-agent-

only model and the Non-focal-agent-only model. For simplicity, we assign equal weights to

the two:

RBA
a ∝ (RFA

a + RNFA
a )/2 (2.7)

Intuitively, this model assigns more responsibility to an agent when (a) she is more likely to

change the outcome by adjusting her level of effort, and (b) the other agent is less likely to

change the outcome by adjusting their effort.

2.3.3 Ensemble model

The Ensemble (EBA) model combines the best-fitting actual- and counterfactual-contribution

models. We designed this model to explore the possibility that people employed two styles of reason-

ing simultaneously. To foreshadow our results, we found that the Effort model and the Both-agent

counterfactual model provided the best fit to the behavioral data, therefore the Ensemble model is a
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weighted combination of the Effort model and the Both-agent counterfactual model:

REBA
a ∝ wRE

a + (1− w)RBA
a , (2.8)

where w ∈ [0, 1] is the weight parameter. When w = 0, the Ensemble model is essentially the Effort

model, and when w = 1, the Ensemble model is equivalent to the Both-agent counterfactual model.

For simplicity, we assign equal weights to both models (w = 0.5), which results in:

REBA
a ∝ (RE

a + RBA
a )/2 (2.9)

We are not making strong claims about the weights. Instead, we care about whether a combination

of the two models captures the qualitative patterns of the data better and provides a better quantita-

tive fit than individual models, without adding free parameters to the model. The equal-weighting

design is also supported by regression results showing that the two models have similar coefficients

when they are used to predict participants’ judgments (see the Results section of Experiments 1a

and 1b). Additionally, we explored unequal-weighting models, which produced similar predictions

visualized in Figure S1 in the Supplement.

2.3.4 Toy scenario

To better understand how the models generate predictions and compute counterfactual proba-

bilities, imagine a toy scenario where Agent A has a strength of 8, exerted 40% effort, and pro-

duced a force of 8 × 0.4 = 3.2. Agent B has a strength of 8, exerted 20% effort, and produced

a force of 8 × 0.2 = 1.6. They failed to lift a box of Weight 8 since their combined force was

3.2 + 1.6 = 4.8 < 8. Expressed in mathematical form, that is: FA = 3.2, SA = 8,EA =

0.40, FB = 1.6, SB = 8,EB = 0.20. Suppose that we are judging Agent A’s responsibility, i.e.,
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howmuch blame Agent A should receive for the team’s failure on a scale of 0 to 10. In other words,

Agent A is the focal agent.

The actual-contribution models assign blame based on the actual properties of the agent:

• The Force (F) model predicts that Agent A’s blame equals 10 minus the force she exerted,

that is,RF
A = 10− 3.2 = 6.8.

• The Strength (S) model predicts that Agent A’s blame equals her strength, that is,RS
A = 8.

• The Effort (E) model predicts that Agent A’s blame is equal to 100%minus the level of effort

she exerted, then rescaled a 0-10 range, that is,RE
A = 6.

The counterfactual-contribution models assign blame based on how likely counterfactual effort

allocations would have changed the outcome. Intuitively: when agents fail, counterfactual mod-

els consider whether agents could have succeeded if they had put in more effort; conversely, when

agents succeed, counterfactual models consider whether agents would have failed if they had put in

less effort. Since agents failed in this toy scenario, we consider upward counterfactuals; for example,

Agent A’s counterfactual effort allocations range from 41% to 100% with increments of 1%. Since

the models have a uniform prior over these upward counterfactual effort allocations, the probability

of Agent A changing the outcome is computed by plugging each counterfactual effort allocation

(E′A) into the equation

E′A × SA + EB × SB ≥ W, (2.10)

and taking the mean. For example, if Agent A had exerted 50% effort, then E′A × SA + EB × SB =

0.5 × 8 + 0.2 × 8 = 5.6 which is less than 8, returning a 0 (false). If Agent A had exerted 90%

effort, then E′A × SA + EB × SB = 0.9 × 8 + 0.2 × 8 = 8.8 which is greater than 8, returning

a 1 (true). Thus, unless Agent A had exerted an effort between 80% and 100%, she would not have

overturned the outcome. If we take the average of all the counterfactual effort allocations applied
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to Equation 2.10, we get the probability of Agent A changing the outcome by altering her effort

allocation: PA = 0.35.

Similarly, Agent B’s counterfactual effort allocations range from 21% to 100% with increments

of 1%. Following the same calculations, we get the probability of Agent B changing the outcome by

altering her effort allocation: PB = 0.51.

The counterfactual-contribution models use PA and PB to make predictions of responsibility:

• The Focal-agent-only (FA) counterfactual model predicts that Agent A should receive blame

that is proportional to PA, that is,RFA
A = 3.5.

• The Non-focal-agent-only (NFA) counterfactual model predicts that Agent A should receive

blame that is proportional to 1− PB, that is,RNFA
A = 4.88.

• The Both-agent (BA) counterfactual model predicts that Agent A’s blame should be the

average ofRFA
A andRNFA

A , that is,RBA
A = (3.5+ 4.88)/2 = 4.19.

Finally, the Ensemble (EBA) model predicts that Agent A’s blame should be the average ofRE
A

andRBA
A , that is,REBA

A = (6+4.19)/2 = 5.09. Note that, put together, the Ensemble model makes

a more lenient responsibility judgment than a model that considers an agent’s actual effort alone—

though the agent did not contribute very much effort, there were relatively few effort allocations

that would have changed the outcome.

2.4 Experiments 1a and 1b

In these experiments, participants apportioned responsibility to agents in a range of scenarios that

were designed to elicit quantitatively distinct judgments from the models described above. Addi-

tionally, across the two experiments, we manipulated agents’ “difference-making” ability to quali-

tatively test the predictions of the counterfactual-contribution models. “Difference-making” refers
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to whether an agent is able to make a difference to the outcome by changing her effort allocation.

In Experiment 1a, both agents are always difference-makers, whereas in Experiment 1b, only one

agent is a difference-maker at a time. Difference-making is a purely counterfactual concept; thus, we

would expect the data to be qualitatively different across the two experiments if people only con-

sider whether a single agent could have acted differently to change the outcome, as predicted by

the Focal-agent-only counterfactual model and Non-focal-agent-only counterfactual model. The

Both-agent counterfactual model does not make this prediction.

2.4.1 Materials andMethods

Participants

We recruited 180 participants for each experiment via Amazon’s Mechanical Turk platform (MTurk).

Participants’ demographic information was not collected. To make sure that they understood the

task, participants completed a comprehension check following the instructions. The comprehen-

sion check questions tested participants’ knowledge of the structure of the task and agents’ reward

function, their understanding of strength, effort, and force, etc. We include in the Supplement a list

of the comprehension check questions we used (see Comprehension check questions used in the

experiments). Participants were allowed to proceed to the experiment only after they answered all

the comprehension check questions correctly. Participants in Experiment 1a received $3.00 to com-

plete 30 trials with an estimated completion time of 15 minutes. Participants in Experiment 1b were

paid $2.50 to complete 25 trials with an estimated completion time of 12 minutes. To ensure data

quality, participants completed two attention checks during the experiment. Participants received a

warning after failing an attention check for the first time. Participants who failed only one attention

check were allowed to finish the experiment, and their data were saved and not excluded from anal-

yses. Participants who failed both attention checks were asked to leave the study before completion.
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The experiments were approved by the Harvard Institutional Review Board and pre-registered at

https://aspredicted.org/MCX_M9K; we explain deviations from the preregistered analysis plan in

the Supplement (see Deviations from pre-registrations).

Stimuli

We designed the stimuli such that in each scenario, the two agents either have the same strength,

same effort, or same force (5 trials for each type). This allowed us to differentiate between the

actual-contribution models: If people use any of these as their metric for judging responsibility,

we would expect that the same responsibility be attributed to the two agents when they match on

that dimension. For example, if people attribute responsibility based on effort, we should see the

same responsibility assigned to both agents when their effort is matched.

To minimize changes across conditions and make them directly comparable, we used the same

strength and effort combinations for Fail and Lift conditions. This was achieved by adjusting the

box weight. The strength and effort combinations were also kept the same across Experiment 1a and

Experiment 1b by modifying the box weight.

This would result in 30 trials in each experiment. However, in the Lift condition, when the two

agents apply the same force, their ability to change the outcome is the same. That is to say, either

both agents are difference makers, or neither one is. To give a concrete example: If both agents ex-

erted a force of 4 and lifted a box of Weight 6, then both agents are difference makers because they

would have failed if either agent withdrew their contribution. Similarly, if both agents exerted a

force of 4 and lifted a box of Weight 2, then neither agent is a difference maker, since the box will

still be lifted if either agent’s contribution was removed. Therefore, when agents’ force is matched,

it is impossible to have Lift trials where one agent is a difference maker and the other is not. Con-

sequently, it is impossible to have Lift trials where the agents’ force is matched in Experiment 1b.

As a result, Experiment 1a contains 30 trials (15 Fail trials, 15 Lift trials), while Experiment 1b con-
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tains 25 trials (15 Fail trials, 10 Lift trials). A complete list of the stimuli we used can be found in the

Supplement (Tables S1 and S2).

Procedure

Figure 2.1 shows the task setup. Participants read vignettes about a game show where contestants

could win prizes by lifting boxes of varying weights. In each contest, new contestants of varying

strengths and a new box were brought out. Participants were shown the weight of the box, the

strength of each contestant, the subjective effort that each contestant put into the lift, and the out-

come of the lift (i.e., whether they succeeded or failed in lifting the box). In order to make these

quantities intuitive to participants, we expressed the weight of the box and each contestant’s strength

using a 1 to 10 scale. For example, participants were told that a box with a weight of 1 is so light that

virtually anyone can lift it, while a box of 10 is so heavy that only the strongest humans can lift it.

Similarly, each contestant’s strength determines the heaviest weight they can lift given an all-out ef-

fort; a contestant with a strength of 5 would fail to lift boxes with a weight of 6 or higher on their

own, no matter howmuch effort they exerted. In order to ensure that participants understood this

task setup, they first completed four training trials where they observed a single contestant attempt

to lift a box alone, and they were shown how the contestant’s strength and effort determine whether

she succeeds or fails in lifting the box.

In the critical test trials, participants then observed multiple contests (30 contests in Experi-

ment 1a and 25 in Experiment 1b) where two contestants applied force to a box simultaneously

to try to lift it. Participants did not receive information about the contestants beyond their prop-

erties (strength, effort exerted, and force applied). This was an intentional choice with the hope

that participants could base their judgments solely on the agent properties that change from trial to

trial. Participants then indicated howmuch they thought each contestant was responsible for the

outcome of the lift ,i.e., howmuch they think each contestant is to blame for the team’s loss or to
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Fail condition

How much is each contestant to blame for the 
team’s loss? 
0 = no blame, 10 = very high blame

How much is each contestant to be credited for 
the team’s victory?
0 = no credit, 10 = very high credit

Lift condition

Figure 2.1: Experimental setup used in Experiments 1a, 1b, and 3. Participants observed each contestant’s strength and
effort, the weight of the box, and whether the contestants successfully lifted the box together (Lift condition) or not
(Fail condition), and they then assigned blame or credit to each contestant. In Experiments 2a and 2b, participants also
observed the force exerted by each contestant.

be credited for the team’s victory. Participants reported their judgments for each contestant sepa-

rately on a scale from 0 to 10, where 0 means no blame/credit and 10 means very high blame/credit.

The responses were provided using individual text boxes which allowed only entries of integers

between 0 and 10. Links to the experiments can be found at https://github.com/yyyxiang/

responsibility_attribution.

2.4.2 Results

Participants made similar judgments in Experiments 1a and 1b, as shown in the leftmost columns of

Figure 2.2 and Figure 2.3, respectively. This is evidence against a subset of counterfactual-contribution

models. Specifically, the Focal-agent-only and Non-focal-agent-only counterfactual models pre-

dict qualitatively different patterns of results across both experiments, depending on whether both
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agents are difference-makers or only one agent is a difference-maker; by contrast, the Both-agent

counterfactual model predicts qualitatively similar results for both experiments.

We assessed which factors shaped participants’ responsibility attributions by constructing a sep-

arate linear mixed-effects model for each type of trial (“Same strength”, “Same effort”, and “Same

force”). Each regression predicted participants’ responsibility judgments (i.e., blame and credit

judgments) as a function of Contestant (e.g., “Less Effort” or “More Effort” in the Same Strength

condition), Condition (“Lift” or “Fail”), and the interaction between Contestant and Condition,

along with random effects for every regressor grouped by participants. When the contestants’

strengths were matched, we observed a significant interaction between the Contestant and Con-

dition [t(179.0) = 31.06, p < .0001 in Experiment 1a and t(179.0) = 30.67, p < .0001 in Ex-

periment 1b; note that here and elsewhere we use the Satterthwaite approximation of the degrees of

freedom]. As shown in Figure 2.2 and Figure 2.3, contestants who exerted more effort received less

blame for failures and more credit for successes. When the contestants’ efforts were matched, there

was a significant interaction between the Contestant and Condition [t(179.0) = −2.57, p < .05

in Experiment 1a and t(179.0) = −2.01, p < .05 in Experiment 1b]. When both contestants

exerted the same subjective effort, the stronger of the two contestants received more blame for fail-

ures and more credit for successes, with failures having slightly larger differences in contestants’

responsibility. When the contestants’ force levels were matched, we again saw a significant inter-

action between Contestant and Condition in Experiment 1a [t(179.0) = −21.33, p < .0001].

Figure 2.2 visualizes the effect: The stronger contestant who exerted less effort received more blame

for failures and less credit for successes. As explained earlier, we do not have “Same force” trials in

the Lift condition of Experiment 1b. However, the trend of trials in the Fail condition is similar

to that in Experiment 1a, with the stronger but lazier contestant receiving more blame for failures

[t(179.0) = 23.48, p < .0001].

We compared participants’ responsibility attributions to each of the models described above.
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Figure 2.2: Data and predictions of the Effort model, Both‐agent counterfactual model, and Ensemble model in Exper‐
iment 1a. Each line corresponds to a scenario. Error bars in the Data column indicate bootstrapped 95% confidence
intervals.

For every computational model, we fit a linear mixed-effects model with participants’ responsibility

judgments as the response variable and the model prediction as the predictor variable, with random

effects grouped by participants. We then compared models using the Bayesian Information Crite-

rion (BIC). Lower BIC values indicate better (more probable) models. As shown in Figure 2.4A, the

Effort model had the lowest BIC among the three actual-contribution models and the Both-agent

counterfactual model had the lowest BIC among the three counterfactual-contribution models,

indicating that the Effort model and the Both-agent counterfactual model are the best at explain-

ing the behavioral data in their respective model classes. This finding was consistent across Exper-

iments 1a and 1b (see Figures S2 and S3 in the Supplement for a comparison between the three
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Figure 2.3: Data and predictions of the Effort model, Both‐agent counterfactual model, and Ensemble model in Exper‐
iment 1b. Each line corresponds to a scenario. Error bars in the Data column indicate bootstrapped 95% confidence
intervals.

actual-contribution models and data, and Figures S4 and S5 in the Supplement for a comparison

between the three counterfactual-contribution models and data).

To further confirm that effort, rather than force, is driving reasoning about agents’ actual con-

tributions, we fit another linear mixed-effects regression model with participants’ responsibility

judgments as the response variable. The predictor variables were the predictions from the Effort

and Force models, along with random effects of each regressor clustered around participants. We

found that the Effort model’s predictions were positively correlated with participants’ responsibility

judgments [t(182.2) = 29.12, p < .0001 in Experiment 1a and t(181.3) = 30.11, p < .0001 in

Experiment 1b], while the Force model’s predictions were negatively correlated with participants’
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Figure 2.4: (A) Bayesian information criterion (BIC) for each mixed‐effects regression model. (B) Proportion of partici‐
pants best described by each model. Error bars indicate 95% confidence intervals of proportions. F = Force model, S =
Strength model, E = Effort model, FA = Focal‐agent‐only counterfactual model, NFA = Non‐focal‐agent‐only counterfac‐
tual model, BA = Both‐agent counterfactual model, EBA = Ensemble model (weighted combination of Effort model and
Both‐agent counterfactual model).

responsibility judgments [t(182.3) = −10.89, p < .0001 in Experiment 1a and t(181.2) =

−11.85, p < .0001 in Experiment 1b]. This shows that effort indeed explains away the effects of

force; in other words, when effort-driven responsibility attribution is accounted for, force-driven

responsibility attribution fails to add explanatory value.

Figure 2.2 and Figure 2.3 juxtapose the Effort model and the Both-agent counterfactual model

with the behavioral data. By visually comparing each of the model prediction columns against

the Data column, we can see that the Effort model and the Both-agent counterfactual model each

captures some aspects of the data, but neither is a fully adequate account. For example, the Effort

model predicts that contestants should receive equal blame and credit when their effort is matched;

however, the data show that the stronger contestant receives more responsibility [t(179.0) =

10.25, p < .0001 in Experiment 1a and t(179.0) = 9.33, p < .0001 in Experiment 1b]. An-

other example is that the Both-agent counterfactual model’s prediction stands out in one of the
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“Same effort” trials, when the contestants’ strengths differ greatly (one with strength 2 and one

with strength 8). This suggests that responsibility judgments might be a combination of reason-

ing about agents’ actual and counterfactual contributions. To test this hypothesis, we fit a linear

mixed-effects model regressing participants’ responsibility judgments on predictions of the Effort

model, the Focal-agent-only counterfactual model, and the Non-focal-agent-only counterfactual

model, with random effects of each regressor grouped by participants. The regression results reveal

that the Effort model’s predictions positively correlated with participants’ responsibility judgments

[t(193.6) = 19.66, p < .0001 in Experiment 1a and t(197.6) = 13.56, p < .0001 in Experiment

1b], as do the Focal-agent-only counterfactual model’s predictions [t(179.3) = 23.24, p < .0001

in Experiment 1a and t(221.7) = 16.54, p < .0001 in Experiment 1b], and the Non-focal-agent-

only counterfactual model’s predictions [t(192.6) = 15.69, p < .0001 in Experiment 1a and

t(228.0) = 15.66, p < .0001 in Experiment 1b]. This shows that predictions of the actual- and

counterfactual-contribution models all made distinct contributions to predicting participants’ re-

sponsibility attributions.

These results motivated us to create an Ensemble model, which is a weighted combination of

the Effort model’s predictions and the Both-agent counterfactual model’s predictions. From a

linear mixed-effects model predicting participants’ judgments based on the Effort model and the

Both-agent counterfactual model, with subject-level random effects, we found that both mod-

els have similar coefficients (0.38 for the Effort model and 0.47 for the Both-agent counterfactual

model in Experiment 1a, and 0.31 for the Effort model and 0.59 for the Both-agent counterfac-

tual model in Experiment 1b), corresponding to w of 0.4 and 0.3, respectively. This gave us confi-

dence in giving equal weights to both models for simplicity (i.e., w = 0.5) since we are not mak-

ing strong claims about the weights, as explained in the theoretical framework. We also explored

unequal-weighting models, which gave similar predictions (see Figure S1), but focus on the equal-

weighting Ensemble model in the main text in the interest of parsimony. The Ensemble model has
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the lowest BIC compared to all the other six models (see Figure 2.4A). From Figure 2.2 and Fig-

ure 2.3, we can also see that the Ensemble model resembles the data patterns the best. Note that the

counterfactual-contribution models have lower BICs on average than actual-contribution models in

Experiment 1b, but not in Experiment 1a. This is perhaps due to difference-making being relevant

for counterfactual-contribution models only. Even so, the Ensemble model still has the lowest BIC.

Further, the Ensemble model provides a close quantitative fit to participants’ judgments (Pearson’s

r = 0.91, p < .0001 in Experiment 1a, r = 0.89, p < .0001 in Experiment 1b), compared to the

Effort model (r = 0.77, p < .0001 in Experiment 1a, r = 0.73, p < .0001 in Experiment 1b) and

Both-agent counterfactual model (r = 0.79, p < .0001 in Experiment 1a, r = 0.84, p < .0001

in Experiment 1b). See Figure 2.5 for a comparison between participants’ judgments and predic-

tions of the Effort model, Both-agent counterfactual model, and Ensemble model. Figures S6 and

S7 in the Supplement show comparisons between data and the three actual-contribution models

and between data and the three counterfactual-contribution models, respectively.

Finally, we conducted a more detailed interrogation of the Ensemble model’s success. Specifi-

cally, we asked whether there is evidence that both actual-contribution and counterfactual-contribution

reasoning contribute to the model’s fit to each individual participant, or whether instead some

participants were best fit by an actual-contribution model alone, while others were best fit by a

counterfactual-contribution model alone. In other words, is the Ensemble model favored because

everybody uses both styles of reasoning, or because some people reason about agents’ actual proper-

ties, and others reason about counterfactuals?

To answer this question, we ran seven linear models for each participant, each predicting respon-

sibility judgments with one of the seven models we have. We compared the BICs of the seven mod-

els for every participant and counted the number of participants best explained by each model (in-

dicated by the lowest model BIC). As shown in Figure 2.4B, the Ensemble model explains the data

of the largest number of participants (59.4% of the participants in Experiment 1a, 51.7% of the par-
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Figure 2.5: Comparison between behavioral data and model predictions. Pearson correlation coefficients for data and
model predictions pooled across both conditions and for each condition are shown at the bottom right of each subplot.
Each dot denotes one agent in one scenario; error bars indicate 95% confidence intervals.
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ticipants in Experiment 1b), whereas the Effort model explains the data of 13.3% of the participants

in Experiment 1a and 5.0% of the participants in Experiment 1b, and the Both-agent counterfactual

model explains the data of 17.8% of the participants in Experiment 1a and 26.1% of the participants

in Experiment 1b. These results suggest that, rather than there being a mix of participants within

our sample who employ different strategies, individual participants reason about both agents’ actual

and counterfactual contributions to make responsibility attributions.

2.4.3 Discussion

In Experiments 1a and 1b, we compared participants’ responsibility judgments with the three

actual-contribution models and the three counterfactual-contribution models. Among the three

actual-contribution models, we found that the Effort model provided the best fit to empirical re-

sponsibility judgments. Further support for this claim came from regression results suggesting that

effort is the major driving force behind reasoning about agents’ actual properties, in contrast to past

findings that support a force-based account.

Among the three counterfactual-contribution models, we found that the Both-agent counter-

factual model was the best account of our data. Additional regression analyses revealed that effort,

counterfactual dependency on the focal agent, and counterfactual dependency on the non-focal

agent all contribute to responsibility judgments in some form.

In light of these findings, we combined the Effort model and the Both-agent counterfactual

model and created an Ensemble model, which provided the overall best fit to the data, yielding the

lowest BIC and the highest correlation coefficients. Our single-participant analysis further showed

that most participants, individually, are best explained by the Ensemble model. We conclude from

these findings that both actual-contribution and counterfactual-contribution reasoning are neces-

sary to explain responsibility judgments for group effort tasks.
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2.5 Experiments 2a and 2b

In Experiments 1a and 1b, we showed participants the strength and effort of each contestant, but

not their force. In theory, participants could calculate the force of each contestant by multiplying

strength and effort. However, this could potentially bias participants to use strength and effort

information over force as the basis for their judgments. To rule out this possibility, we ran Experi-

ments 2a and 2b, in which everything was kept the same as in Experiments 1a and 1b, except that we

explicitly showed participants the level of force each contestant exerted, in addition to their strength

and effort.

2.5.1 Materials andMethods

Participants

We recruited 180 participants for Experiment 2a and 177 participants for Experiment 2b via Ama-

zon’s Mechanical Turk platform (MTurk). Participants’ demographic information was not col-

lected. As in Experiments 1a and 1b, participants completed a comprehension check following the

instructions and two attention checks during the experiment, and participants who failed these

attention checks were asked to leave the experiment early. Participants in Experiment 2a received

$3.00 to complete 30 trials with an estimated completion time of 15 minutes. Participants in Exper-

iment 2b were paid $2.50 to complete 25 trials with an estimated completion time of 12 minutes.

The experiments were approved by the Harvard Institutional Review Board and pre-registered at

https://aspredicted.org/PNZ_2HW.

Stimuli

The stimuli were identical to Experiments 1a and 1b.
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Procedure

The procedure was identical to Experiments 1a and 1b, except that participants also saw howmuch

force each contestant exerted, in addition to their strength and effort (see Figure S8 for an illustra-

tion of the experimental setup).

2.5.2 Results

Participants’ judgments in Experiments 2a and 2b were similar (see the leftmost columns of Fig-

ure 2.6 and Figure 2.7, respectively), and they were both similar to Experiments 1a and 1b. We

tested the same hypotheses by running the same regressions as for Experiments 1a and 1b. When

the contestants’ strengths were matched, we saw a significant interaction between the Contestant

and Condition [t(179.0) = 27.77, p < .0001 in Experiment 2a and t(176.0) = 26.66, p < .0001

in Experiment 2b]. As shown in Figure 2.6 and Figure 2.7, contestants who exerted more effort

received less blame for failures and more credit for successes. When the contestants’ efforts were

matched, we saw a significant interaction between the Contestant and Condition in Experiment

2a [t(179.0) = 2.58, p < .05], but not in Experiment 2b [t(176.0) = 1.80, p = .07].

When both contestants exerted the same level of effort, the stronger of the two contestants re-

ceived more blame for failures and more credit for successes, with successes having slightly larger

differences in contestants’ responsibility in Experiment 2a. When the contestants’ force levels were

matched, we again saw a significant interaction between Contestant and Condition in Experiment

2a [t(179.0) = −19.38, p < .0001]. Figure 2.6 visualizes the effect: The stronger contestant who

exerted less effort received more blame for failures and less credit for successes. Although we do not

have “Same force” trials in the Lift condition of Experiment 2b, the trend of trials in the Fail condi-

tion again is similar to that in Experiment 2a, with the stronger but lazier contestant receiving more

blame for failures [t(176.0) = 19.91, p < .0001].
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Figure 2.6: Data and predictions of the Effort model, Both‐agent counterfactual model, and Ensemble model in Exper‐
iment 2a. Each line corresponds to a scenario. Error bars in the Data column indicate bootstrapped 95% confidence
intervals.

Moving to the comparison between participants’ responsibility judgments and each of the seven

models, we again found that the Effort model has the lowest BIC among the three actual-contribution

models and the Both-agent counterfactual model has the lowest BIC among the three counterfactual-

contribution models (see Figures S9 and S10 in the Supplement for a comparison between the three

actual-contribution models and data, and Figures S11 and S12 in the Supplement for a comparison

between the three counterfactual-contribution models and data). However, the Ensemble model

has the lowest BIC among all seven models (see Figure 2.4A) and provides the best quantitative fit

to participants’ judgments (Pearson’s r = 0.87, p < .0001 in Experiment 2a, r = 0.91, p < .0001

in Experiment 2b), compared to the Effort model (r = 0.74, p < .0001 in Experiment 2a,
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Figure 2.7: Data and predictions of the Effort model, Both‐agent counterfactual model, and Ensemble model in Exper‐
iment 2b. Each line corresponds to a scenario. Error bars in the Data column indicate bootstrapped 95% confidence
intervals.

r = 0.76, p < .0001 in Experiment 2b) and Both-agent counterfactual model (r = 0.76, p < .0001

in Experiment 2a, r = 0.86, p < .0001 in Experiment 2b). See Figure 2.5 for a comparison between

participants’ judgments and predictions of the Effort model, Both-agent counterfactual model, and

Ensemble model. Figures S6 and S7 in the Supplement show comparisons between data and the

three actual-contribution models and between data and the three counterfactual-contribution mod-

els, respectively.As in Experiments 1a and 1b, our single-participant analysis showed that the largest

number of participants were best described by the Ensemble model (57.8% of the participants in

Experiment 2a, 46.3% of the participants in Experiment 2b), whereas 12.8% of the participants in

Experiment 2a and 8.5% of the participants in Experiment 2b were best described by the Effort
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model, and 15.6% of the participants in Experiment 2a and 26.6% of the participants in Experiment

2b were best described by the Both-agent counterfactual model (see also Figure 2.4B).

We also confirmed that, when Effort and Force were both used to predict responsibility judg-

ments, the Effort model’s predictions were positively correlated with participants’ responsibility

judgments [t(181.8) = 26.45, p < .0001 in Experiment 2a and t(180.5) = 27.83, p < .0001

in Experiment 2b], whereas predictions of the Force model were negatively correlated with partici-

pants’ responsibility judgments [t(181.8) = −7.91, p < .0001 in Experiment 2a and t(180.4) =

−8.52, p < .0001 in Experiment 2b]. In addition, as in Experiments 1a and 1b, we found that ef-

fort, counterfactuals of the focal agent, and counterfactuals of the non-focal agent all contributed

to responsibility judgments: The Effort model’s predictions positively correlated with participants’

response [t(205.5) = 18.69, p < .0001 in Experiment 2a and t(195.3) = 15.03, p < .0001 in Ex-

periment 2b], as well as the Focal-agent-only counterfactual model [t(181.8) = 25.20, p < .0001 in

Experiment 2a and t(188.7) = 16.02, p < .0001 in Experiment 2b] and the Non-focal-agent-only

counterfactual model [t(207.0) = 15.82, p < .0001 in Experiment 2a and t(204.1) = 12.18, p <

.0001 in Experiment 2b].

2.5.3 Discussion

Experiments 2a and 2b were designed to level the playing field for the models by providing an ex-

plicit representation of force to participants. We successfully replicated the findings of Experi-

ments 1a and 1b; the Effort model and the Both-agent counterfactual models were the actual- and

counterfactual-contribution models, respectively, that best captured participants’ judgments, and

the Ensemble model—which combines the two—provided the best overall fit to the data. Moreover,

analysis of individual participants confirmed that more people were best described by this combina-

tion than by any other model.
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2.6 Experiment 3

The purpose of Experiments 1a, 1b, 2a, and 2b was to test participants’ judgments on scenarios

that were tailor-made to discriminate between the models. Experiment 3 was designed as a valida-

tion experiment, to test how well the models capture participants’ judgments on a wider range of

randomly-generated scenarios.

2.6.1 Materials andMethods

Participants

We recruited 99 participants via Amazon’s Mechanical Turk platform (MTurk). Participants’ de-

mographic information was not collected. As in all the experiments described above, participants

completed a comprehension check following the instructions and two attention checks during the

experiment, and participants who failed these attention checks were asked to leave the experiment

early. Participants received $3.00 for completing the experiment with an estimated completion time

of 15 minutes. The experiment was approved by the Harvard Institutional Review Board and pre-

registered at https://aspredicted.org/ZC3_VG4; we explain deviations from the preregistered

analysis plan in the Supplement (see Deviations from pre-registrations).

Stimuli

The stimuli were constructed in the same way as in the previous experiments, except that agents’

strength, effort, or force were randomly sampled to generate 30 scenarios; using this method allowed

us to test participants’ intuitions on a wider variety of scenarios where agents were not guaranteed to

be matched in their strength, effort, or force. The only restriction we had when creating the stimuli

was that both contestants were difference-makers. Three out of 30 scenarios were excluded from our
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analysis due to errors (the box weight was greater than 10 or a contestant’s strength was greater than

10, which were impossible scenarios given our setup). A list of the stimuli used in the experiment is

shown in the Supplement (Table S3).

Procedure

The procedure was identical to Experiments 1a and 1b.

2.6.2 Results

We conducted the same analyses as above. Similarly, the Effort model has the lowest BIC among

the three actual-contribution models and the Both-agent counterfactual model has the lowest BIC

among the three counterfactual-contribution models. The Ensemble model has the lowest BIC

among all seven models (see Figure 2.4A) and provides the best quantitative fit to participants’ judg-

ments (Pearson’s r = 0.90, p < .0001), compared to the Effort model (r = 0.71, p < .0001) and

Both-agent counterfactual model (r = 0.82, p < .0001). See Figure 2.5 for a visualization. Figures

S6 and S7 in the Supplement show comparisons between data and the three actual-contribution

models and between data and the three counterfactual-contribution models, respectively. Once

again, the single-participant analysis revealed that more participants were best explained by the En-

semble model (48.5% of the participants) than any other model.

When Effort and Force were used to predict responsibility judgments at the same time, the Ef-

fort model’s predictions were positively correlated with participants’ responsibility judgments

[t(99.1) = 17.30, p < .0001], while the Force model’s predictions were negatively correlated

with participants’ responsibility judgments [t(99.1) = −6.17, p < .0001]. Also, we found

that effort, counterfactuals of the focal agent, and counterfactuals of the non-focal agent all con-

tributed to responsibility judgments: The Effort model’s predictions positively correlated with
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participants’ response [t(101.4) = 12.45, p < .0001], as well as the Focal-agent-only counterfac-

tual model [t(100.0) = 14.14, p < .0001] and the Non-focal-agent-only counterfactual model

[t(101.7) = 11.63, p < .0001].

2.6.3 Discussion

Experiment 3 was a generalization test of our theory. We did not select the models on the basis of

data from Experiment 3, yet the best model from the previous experiments (the Ensemble model)

predicts responsibility judgments in this experiment very accurately (r = 0.90, p < .0001).

Thus, we find converging evidence that people combine actual-contribution and counterfactual-

contribution reasoning when making responsibility judgments about group effort.

2.7 General discussion

Responsibility for the outcomes of collaborations is often distributed unevenly. For example,

the lead author on a project may get the bulk of the credit for a scientific discovery, the head of a

company may shoulder the blame for a failed product, and the lazier of two friends may get the

greater share of blame for failing to lift a couch. However, past work has provided conflicting ac-

counts of the computations that drive responsibility attributions in collaborative tasks. Here, we

compared each of these accounts against human responsibility attributions in a simple collabora-

tive task where two agents attempted to lift a box together. We contrasted seven models that pre-

dict responsibility judgments based on metrics proposed in past work, comprising three actual-

contribution models (Force, Strength, Effort), three counterfactual-contribution models (Focal-

agent-only, Non-focal-agent-only, Both-agent), and one Ensemble model that combines the best-

fitting actual- and counterfactual-contribution models. Experiment 1a and Experiment 1b showed

that the Effort model and the Both-agent counterfactual model capture the data best among the
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actual-contribution models and the counterfactual-contribution models, respectively. However,

neither provided a fully adequate fit on their own. We then showed that predictions derived from

the average of these two models (i.e., the Ensemble model) outperform all other models, suggesting

that responsibility judgments are likely a combination of reasoning about agents’ actual proper-

ties and counterfactual dependence. Further evidence came from analyses performed on individual

participants, which revealed that the Ensemble model explained more participants’ data than any

other model. These findings were subsequently supported by Experiment 2a and Experiment 2b,

which replicated the results when additional force information was shown to the participants, and

by Experiment 3, which validated the model predictions with a broader range of stimuli.

Prior studies have largely examined how people assign responsibility for events with agent-specific

outcomes, such as a darts game where the whole team wins if any player lands a bullseye68, or a co-

ordination game where fishers decide independently whether to catch fish or to clear the roads to go

to market2. Real-world collaborations, however, typically involve a group outcome—such as lifting

a couch together—and it is usually hard to single out each individual’s contribution. In our exper-

iments, participants observe only a joint outcome—agents either succeeded or failed to lift a box

together—as opposed to each agent attempting to lift the box by themselves. Our work thus com-

plements and extends this line of research to tasks where only a single group outcome is observed

and individual outcomes are not observed separately. Therefore, our work taps into the complexities

common to many real-world collaborative tasks.

Our results have broader theoretical implications for theories that track agents’ actual contribu-

tions. Production-style accounts of causal reasoning have often focused on force as the dominant

metric of causation e.g.,54,216,254. For example, if a traffic cop signals for a woman to cross the street,

the cop’s gesture can be understood as a social “force” that causes her to move, much as how the

wind exerts a physical force on a ship’s sails that causes it to glide across the water254. However, here

we found ample evidence against a Force model: When effort is accounted for, the effect of force
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disappears, even when participants receive explicit information about howmuch force each agent

exerted (Experiments 2a and 2b). That is to say, people consider howmuch effort, rather than force,

agents contributed when assigning responsibility. More work needs to be done to understand the

cause for this discrepancy. One possibility is that people may assign responsibility based on force in

situations where the concept of “effort” is less applicable (e.g., in the case of inanimate objects), as in

situations where someone is unaware of the act she is performing, or accidentally causes an outcome

without the intention of doing so.

Another potential explanation for the discrepancy between our findings and prior evidence is

that our stimuli differ from stimuli used to support production-style accounts in the past. We ex-

plicitly presented information about strength, effort, and force to participants. Making this infor-

mation explicit enabled us to control participants’ representations of agents’ strength and effort and

directly look at how those influence responsibility judgments. Our past work has also demonstrated

that people are indeed capable of inferring agents’ strength and effort based on additional informa-

tion, such as observations of what they can or cannot lift by themselves given a certain incentive267.

By contrast, in past work, these variables were either not presented or not precisely quantified. For

example, if participants are shown a vignette where a police officer causes a woman to approach a

man, that vignette is not guaranteed to contain information about variables that were relevant to

our task, such as the cop’s competence or effort. In the real world, this information is also often in-

ferred rather than explicitly provided. Thus, it is possible that people might be more likely to use

effort to make responsibility attributions when that information is available and assumed to be

veridical. An open question for future work is how closely this resembles human judgments in nat-

uralistic settings, where information about strength or effort may need to be inferred through other

cues (e.g., facial expression, muscularity, past record of failures and successes) or may be less reliable

(e.g., someone might lie about how hard they worked).

Beyond reasoning about agents’ physical properties in lifting events, our modeling framework
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can be extended to capture judgments in a wide variety of non-physical tasks. Roughly, we can think

of an agent’s strength as the total amount of a resource available to an agent, force as the amount

of that resource an agent contributed, and effort as the amount contributed as a proportion of the

agent’s total resources. When viewed through this lens, many social judgments have a similar un-

derlying structure to our task. For example, in ultimatum games87 or instrumental learning tasks89,

where participants’ social partners donate some number of points from an endowment, the num-

ber of points donated is analogous to the agent’s force, the size of the endowment is analogous to

strength, and the number of points donated as a fraction of the endowment—that is, the agent’s

generosity89—is analogous to effort. Similarly, in the context of elections, force is analogous to the

number of votes a candidate received, strength is analogous to size of the voter population support-

ing a candidate, and effort is analogous to voter turnout. Moving beyond physical tasks, it remains

to be seen whether our work might provide a framework to understand how agents’ actual and

counterfactual properties contribute to responsibility attributions in a wide range of domains.

Motivated by this analogy, we propose that one reason why effort may be particularly important

in responsibility attribution is that the amount of effort exerted—rather than sheer force—indicates

a person’s desire to successfully complete a collaborative task. Indeed, even infants use the amount

of effort expended by an agent to infer howmuch that agent values the outcome145, and adults

tend to judge more effortful prosocial actions as more praiseworthy17, in part because effort signals

the importance of the prosocial goal to the agent4. Understood this way, the combination of effort

and counterfactual reasoning could be taken as support for a framework proposed in some past

work that regards responsibility judgments as both about the causal role a person’s action plays in

bringing about an outcome and about the inferences we can make about the person’s dispositions

and mental states from her action75,131,210,228.

One simplification of our work is that we only entertained counterfactual models that compute

the effect of counterfactual effort levels, but not the effect of counterfactual strength levels. This is
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a reasonable simplification under our task design, since effort is more mutable than strength, and is

informed by prior evidence that effort plays a central role in moral judgments35. However, people

may consider other variables when judging responsibility in other collaborative tasks. For example,

over longer timescales, it is possible that people generate competence counterfactuals by imagining

what the outcome could have been if agents had practiced or trained differently. If a slower runner

causes a team to lose a relay race, people may give her a smaller share of the blame if she worked con-

sistently to advance from a beginner runner to her current level of fitness—and a far greater share

of the blame if she is a champion runner who has missed practice for months. It is also possible that

people might simulate what would have happened if an agent had been replaced by someone else

when replacements are available259. This was unlikely in our paradigm since agents involved in each

lift were not replaceable; however, one might readily imagine replacing a player with a substitute in a

football game particularly if the team had lost by a small margin.

It remains an open question how people define the probability distribution over counterfactual

effort levels when engaging in counterfactual reasoning. In the current work, we assumed that al-

ternative effort allocations were drawn from discrete uniform distributions in increments of 0.01,

and we only considered one-sided counterfactual effort allocations (either upward or downward,

depending on the outcome). This is a simple yet plausible way to construct counterfactuals, al-

though there certainly exist many alternatives. Past models simulate an agent as not-acting, for in-

stance, when Billy trips over a tree root on his way rushing to stop Suzy from throwing a rock at a

window, simulating whether Billy would have stopped Suzy if he hadn’t tripped91. More recent

models instead sample counterfactual events from a continuous distribution; these models generate

counterfactuals by simulating alternatives that are close to the actual world or are high probability

under a generative model150,180. For example, taking inspiration from noisy models of Newtonian

physics69, one could draw counterfactual effort allocations from a Gaussian distribution centered

around the actual effort, such that counterfactuals closer to the actual effort are more likely to be
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imagined. It is worth noting that we are not making a strong claim about how counterfactual effort

allocations are generated, but rather that even simple approximations such as drawing counterfactu-

als from a uniform distribution lend support to our theory.

More broadly, the question of how people judge responsibility in group effort tasks is critical to

understanding the cognitive foundations of collaboration. Responsibility attributions may help di-

agnose problems when collaborations go awry and inform decisions about how to divide the spoils

of collaboration and whom to recruit in the future. Responsibility attributions may also serve an

important purpose in motivating collaborators to consistently apply effort in collaborative tasks,

rather than loafing and benefiting from the efforts of their collaborators. Assigning responsibility

for past collaborations paves a path for success in future collaborations.

89



3
People reward others based on their

willingness to exert effort

3.1 Abstract

Individual contributors to a collaborative task are often rewarded for going above and beyond—

salespeople earn commissions, athletes earn performance bonuses, and companies award special

parking spots to their employee of the month. How do we decide when to reward collaborators, and

are these decisions closely aligned with how responsible they were for the outcome of a collabora-

tion? In Experiments 1a and 1b (N = 360), we tested how participants give bonuses, using stimuli
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and an experiment design that has previously been used to elicit responsibility judgments266. Past

work has found that responsibility judgments are driven both by howmuch effort people actually

contributed and howmuch they could have contributed266. In contrast, here we found that partici-

pants allocated bonuses based only on howmuch effort agents actually contributed. In Experiments

2a and 2b (N = 358), we introduced agents who were instructed to exert a particular level of ef-

fort; participants still rewarded effort, but their rewards were more sensitive to the precise level of

effort exerted when the agents decided howmuch effort to exert. Together, these findings suggest

that people reward collaborators based on their willingness to exert effort, and point to a difference

between decisions about how to assign responsibility to collaborators and how to incentivize them.

One possible explanation for this difference is that responsibility judgments may reflect causal in-

ference about past collaborations, whereas providing incentives may motivate collaborators to keep

exerting effort in the future. Our work sheds light on the cognitive capacities that underlie collabo-

ration.

3.2 Introduction

We often reward collaborators to recognize their contributions and encourage them to contribute

their best efforts. For example, sports teams give Most Valuable Player (MVP) awards to the best-

performing player, researchers who make substantial contributions to a research project tend to

receive authorship credit, and employees in companies earn bonuses and commissions in proportion

to their performance. What role do these performance bonuses play in collaboration, and how do

we decide when, and howmuch, to incentivize collaborators?

Although prior work on this question varies in its details, much of it can be organized around

a broad consensus that people are held responsible for aspects of their contribution that they can

control250,132,249,252,185. For example, people are punished more for failed actions when these result

91



from a lack of effort, rather than a lack of ability, because effort is easier to control than ability250.

Conceptually, however, there are many possible ways to measure what portion of a person’s contri-

bution was under their control.

The first possibility is that contributions are measured based on brute output—a person who

applies 10 newtons of force to lift a box contributes, in a very literal sense, 10 newtons of output.

Many companies provide monetary bonuses to employees (“pay for performance”) in the form of

piece rates or for achieving particular sales goals26,117,1,161,135,230,124. Researchers have also found

that children allocate more rewards to collaborators who generated more output13,93,119,191.

However, a direct mapping from outputs to rewards might be missing an important intuition:

The same amount of work might require more effort from some people than others, because people

have varying competencies267 and tasks may vary in difficulty17. Benching 70 kg will require an av-

erage untrained individual to put in an all-out effort but can be a piece of cake for top weightlifters.

Because lifting the same weight is more effortful for some people than for others, they may incur

higher effort costs, and thus need higher incentives to attempt it. Thus, a second possibility is that

people may provide incentives based on howmuch effort people exerted. Indeed, previous work has

found that people punish transgressors who exert more effort to bring about a harmful outcome116.

Conversely, people may also offer greater rewards for the same, helpful outcome if it takes more

effort to bring it about.

Both output and actual effort result from the interaction between a controllable decision to ex-

ert effort and uncontrollable constraints, such as task difficulty and ability. In a deeper sense, effort

is controllable to the extent that a person could have exerted more or less of it. Thus, a third possi-

bility is that people assign incentives by making a counterfactual judgment about howmuch effort

someone could have exerted. Counterfactual judgments reflect howmuch an outcome would have

changed if the person had acted differently140,256,71,192,74,104,69,73. Thus, the star striker on a soc-

cer teammay get a disproportionate share of the glory—because the team would have lost if they
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had not scored—even if their teammates expended more effort to run around the field163. This

hypothesis is supported by prior work on how people mete out punishment for harmful actions;

both adults and children between 5–11 years of age choose harsher punishments if a person played a

causal role in bringing out a harmful outcome202,203.

These three possibilities are not mutually exclusive. For example, recent computational work

suggests that people assign responsibility for the outcomes of a collaboration by considering both

howmuch effort people actually contributed and howmuch they could have contributed266. Thus,

in the present work, we distinguished to what extent each of these three factors—output, actual

effort, and counterfactual effort—contribute to people’s judgments about how to incentivize

collaborators. Additionally, we compared the influence of these factors on reward in the present

study to their influence on responsibility judgments in Xiang et al. 266 . This allowed us to exam-

ine whether reward is determined directly from judgments of responsibility, as suggested by prior

theories249,250,132,252,185.

To this end, we adapted the materials from Xiang et al.’s (2023a) collaborative box-lifting task

with one change: Instead of asking participants how responsible each agent is for the outcome of

the collaboration, we asked participants to give a bonus to each agent. Using the same task allowed

us to (a) dissociate output, actual effort, and counterfactual effort and compare their effects on al-

located bonus, and (b) simultaneously juxtapose participants’ bonus allocations and responsibility

attributions to understand if there is a direct mapping between the two.

To preview our results, in Experiments 1a and 1b (N = 360), we found that participants’ bonus

allocations do not align with models that assign rewards based on howmuch output agents con-

tributed, nor based on howmuch they could have contributed; rather, they were best explained by

howmuch effort agents actually exerted. Moreover, these reward decisions do not align well with

responsibility judgments elicited using the same stimuli. In Experiments 2a and 2b (N = 358),

we further examined how actual effort drives rewards by introducing agents who were instructed
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to exert a fixed amount of effort. We found that participants still rewarded actual effort, but their

rewards were more sensitive to the precise level of effort exerted when the agents decided howmuch

effort to exert *. Together, these results suggest that people assign rewards to collaborators based

on their willingness to exert effort, rather than responsibility, controllability, or brute output. We

discuss the implications of these findings in our General Discussion.

3.3 Theoretical Framework

In the experiments below, participants viewed vignettes where pairs of agents attempted to lift a

box together. Participants were provided a bonus fund of $10 per contestant and told that none of

the contestants were aware of this fund (therefore they could not behave strategically). Participants

chose howmuch of the bonus fund to give each contestant. Each box has a weightW, and each

agent a has a strength Sa ∈ [1, 10] defined as the maximum degree of force that they can exert. Each

agent produces force Fa ∈ [0, Sa] by exerting a level of effort Ea defined as the proportion of their

strength (Ea = Fa
Sa ). Whether the team succeeds depends on whether the agents’ combined force

exceeds the box weight. In other words,
∑

a Fa ≥ W results in success (L = 1);
∑

a Fa < W results

in failure (L = 0). We use Ba to denote the bonus allocated to agent a after the lift attempt.

We adapted the models in Xiang et al. 266 to the bonus allocation problem. The models are sum-

marized in Table 3.1. These models decide howmuch bonus to allocate to one of the two agents—

the focal agent—by considering different factors. These include three actual-contribution models

that assign bonuses based only on the focal agent’s actual contributions (Force, Strength, and Ef-

fort models), three counterfactual-contribution models that assign bonuses based on counterfactual

judgments about howmuch effort the focal agent and their partner—the non-focal agent—could

have contributed (Focal-agent-only, Non-focal-agent-only, and Both-agent counterfactual models),

*All data and code are publicly available at https://github.com/yyyxiang/bonus_allocation.
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Table 3.1: Summary of the models.

Reasoning style Model
Force

StrengthActual-contribution
Assigns bonuses based on the focal agent’s actual properties

Effort
Focal agent only

Non-focal agent onlyCounterfactual-contribution
Assigns bonuses based on howmuch effort agent(s) could have exerted

Both agents
Ensemble

Averages the outputs of the Effort model and the Both-agent counterfactual model Ensemble

and an Ensemble model that averages the Effort model and the Both-agent counterfactual model.

In addition, for failed lift attempts, we reversed the model predictions such that more responsibility

(i.e., more blame) leads to less bonus. This is because, while responsibility has two valences depend-

ing on the outcome (more responsibility means more blame for failures and more credit for suc-

cesses), bonuses are only positive (more bonus is always better than less bonus). Below, we describe

each model in detail.

3.3.1 Actual-contribution models

• Force model. The force (F) model allocates bonuses based on howmuch force an agent

generates in the event. Agents who exert more force are rewarded more:

BFa ∝ Fa (3.1)

• Strength model. The strength (S) model allocates bonuses based on an agent’s strength.

Stronger agents are rewarded more for successes and rewarded less for failures:

BSa ∝


Sa if L = 1

10− Sa if L = 0
(3.2)
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• Effort model. The effort (E) model allocates bonuses based on the level of effort an agent

exerts. Agents who exert more effort are rewarded more:

BEa ∝ Ea (3.3)

3.3.2 Counterfactual-contribution models

The counterfactual-contribution models consider how the outcome could have been different if

agents had exerted a different level of effort E′. As in prior work189, here we consider only direc-

tional counterfactuals (upward for failures, downward for successes). In other words, when agents

fail, we consider what would have happened if they exerted more effort; when agents succeed, we

consider what would have happened if they exerted less effort.

Each agent receives a bonus proportional to the probability that they could have changed the

outcome by altering their effort allocation, defined as:

Pa =


∑

E′a P(E
′
a)I[E′aSa + E/aS/a < W] if L = 1∑

E′a P(E
′
a)I[E′aSa + E/aS/a ≥ W] if L = 0,

(3.4)

where a indexes the focal agent, /a indexes the non-focal agent, and I[·] = 1 if its argument is true

(0 otherwise). Following Xiang et al. 266 , we assume that counterfactual efforts (E′a) are drawn from

discrete uniform distributions in increments of 0.01, where E′a ∈ (Ea, 1]when agents fail and

E′a ∈ [0,Ea)when agents succeed.

• Focal agent only The Focal-agent-only (FA) counterfactual model only considers coun-

terfactual actions on the part of the focal agent. The model allocates bonuses based on the

likelihood of the focal agent changing the outcome by altering her effort allocation, while
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holding the non-focal agent’s effort allocation fixed:

BFAa ∝


Pa if L = 1

1− Pa if L = 0
(3.5)

In other words, the more likely the focal agent is able to change the outcome, the less bonus

she gets for failures and the more bonus she gets for successes.

• Non-focal agent only The Non-focal-agent-only (NFA) counterfactual model only consid-

ers counterfactual actions of the non-focal agent. Holding the focal agent’s effort allocation

fixed, the more likely the non-focal agent is able to change the outcome, the more bonus the

focal agent gets for failures and the less bonus the focal agent gets for successes:

BNFA
a ∝


1− P/a if L = 1

P/a if L = 0
(3.6)

• Both agentsThe both-agent (BA) counterfactual model considers counterfactual actions

of both the focal agent and the non-focal agent, i.e., a weighted combination of the Focal-

agent-only model and the Non-focal-agent-only model. As in Xiang et al. 266 , we assign equal

weights to the two components for simplicity:

BBAa ∝ (BFAa + BNFA
a )/2 (3.7)

Intuitively, when the lift attempt is successful, this model allocates more bonus to an agent

when (a) she is more likely to change the outcome by adjusting her level of effort, and (b)

the other agent is less likely to change the outcome by adjusting their effort. When the lift
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attempt fails, these patterns are reversed.

3.3.3 Ensemble model

Xiang et al. 266 found that people’s responsibility attributions (denoted byRa) were best described

by an Ensemble model that combines the Effort model and the Both-agent counterfactual model:

REBA
a ∝ wRE

a + (1− w)RBA
a , (3.8)

where w ∈ [0, 1] is the weight parameter. When w = 0, the Ensemble model recovers the Effort

model, and when w = 1, the Ensemble model recovers the Both-agent counterfactual model. In past

work, the two models were assigned equal weights (w = 0.5; an assumption backed up by empirical

evidence). Here, as a point of comparison, we include the same Ensemble model:

BEBAa ∝ (BEa + BBAa )/2 (3.9)

In the next section, we put these seven models to the test.

3.4 Experiments 1a and 1b

In these experiments, we borrowed the task design and stimuli from Experiments 2a and 2b of Xi-

ang et al. 266 , with one change: Instead of asking for responsibility judgments, we asked participants

to allocate bonuses to agents in a range of scenarios that elicit distinct judgments from the seven

models. Experiments 1a and 1b differ in agents’ “difference-making” ability. This was a manipula-

tion in Xiang et al. 266 to qualitatively test the predictions of the counterfactual models; an agent is

a “difference-maker” if she is able to alter the outcome by changing her effort allocation, while hold-

ing the other agent’s effort allocation fixed. In Experiment 1a, both agents were always difference-
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makers, whereas in Experiment 1b, only one agent was a difference-maker at a time.

3.4.1 Materials andMethods

Participants

We recruited 181 participants for Experiment 1a and 179 participants for Experiment 1b via Ama-

zon’s Mechanical Turk platform (MTurk).† We used the same sample size as in Xiang et al. 266 for

these and subsequent experiments so that we could directly contrast bonus allocations with respon-

sibility judgments. To confirm their understanding of the task, participants completed a compre-

hension check after reading the instructions. Only those who answered all comprehension check

questions correctly were allowed to proceed with the experiment. Participants in Experiment 1a

were compensated $3.00 to complete 30 trials, and participants in Experiment 1b were compensated

$2.50 to complete 25 trials. To make sure that participants were paying attention, they completed

two attention checks during the experiment. Participants who failed one attention check received

a warning and were allowed to continue. Participants who failed both attention checks were asked

to leave the experiment. These participants’ data were not saved, so we do not know the precise

count of participants who did not complete the experiment due to failing both attention checks.

The experiments were carried out with appropriate institutional approval and pre-registered at

https://aspredicted.org/D82_M76. In these and subsequent experiments, we report all measures

and manipulations. As we pre-registered, we did not exclude any participant or observation.

†In Experiments 1a, 1b, and 2a, we stopped data collection once 180 participants submitted their re-
sponses onMTurk, as stated in the pre-registration, but received 181, 179, and 178 participants’ data respec-
tively due to a server error.
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Stimuli

Participants saw vignettes where two agents lifted a box together. In every scenario, the two agents

were matched along one dimension—strength, effort, or force—in order to tease apart the three

actual-contribution models from the different actual-contribution models. If people employed

one of these as their metric for bonus allocation, we should expect equal bonus allocation when

the agents are matched on that specific aspect. For instance, if bonus allocation was based on ef-

fort, then both agents should receive the same bonus when their effort is matched. For each of these

three dimensions where agents were matched along, there were 5 unique strength and effort combi-

nations, resulting in a total of 15 combinations; within each combination, we also manipulated the

weight of the box to change whether agents were successful (Lift condition) or not (Fail condition),

given the same strength and effort allocation.

In Experiment 1a, participants saw all variants of these combinations, for a total of 30 trials (15

combinations× 2 conditions). In Experiment 1b, we removed the 5 Lift trials where force was

matched for a total of 15 Fail and 10 Lift trials. This is because the maximum force the two agents

can reduce is the same, therefore they are either both difference-makers or no one is.

Procedure

Figure 3.1 shows an example trial. Participants watched a game show where pairs of contestants

could win prizes by lifting a heavy box together. On each trial, participants see two new contes-

tants and a new box. They observe each contestant’s strength, effort, and force, the box weight, and

whether they succeeded or failed. Box weights and contestants’ strengths were expressed using a 1

to 10 scale, where a box of weight 1 is so light that virtually anyone can lift it, while a box of weight

10 is so heavy that only the strongest humans can lift it by themselves. Contestants’ strength deter-

mines the heaviest weight they can lift, and their effort determines howmuch force they actually
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applied to lift the box. For example, given an all-out, 100% effort, a contestant of strength 6 would

be able to lift a box of weight 6, whereas exerting 50% of her effort, the contestant can only lift a box

of weight 3 or less. Before moving on to the test trials, participants observed four examples of how a

single contestant’s strength, effort, and force and a box weight determine whether a lift is successful.

Figure 3.1: Example contest in Experiments 1a and 1b. Agents either failed (left panel) or succeeded (right panel) in
lifting the box together. Participants observed the box weight and each agent’s strength, effort, and force. They assigned
a bonus between $0‐10 to each agent separately. In each contest, the two agents were matched on either strength,
effort, or force. For each of these dimensions agents were matched along, there were 5 unique strength and effort
combinations, with seven levels of strength ranging from 2 to 8, seven levels of effort ranging from 20% to 80%, and
twelve levels of force ranging from 1.0 to 4.9.

On each trial of the test phase, participants observed two contestants trying to lift a box together

and assigned bonuses to each contestant individually from a bonus fund of $10 per contestant. We

told participants that none of the agents knew about the bonus fund in order to prevent it from al-

tering the agents’ reward functions and behavior. Participants entered the bonus they would assign

to each contestant using a text box that allowed integers between 0 and 10.
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Data analysis

For these and subsequent experiments, we analyzed the data using R (version 4.3.2). To resolve

convergence issues, we scaled all the continuous variables and used the BOBYQA optimizer178 for

all the linear mixed-effects models.

3.4.2 Results

Figure 3.2 visualizes the data. Experiments 1a (leftmost column) and 1b (third column from the

left) produced similar results. This challenges the Focal-agent-only and Non-focal-agent-only coun-

terfactual models, which make qualitatively different predictions across experiments when agents’

difference-making ability is manipulated.

Overall, we see an intercept shift between Fail and Lift conditions (see the “Exp 1a Bonus” and

“Exp 1b Bonus” columns in Figure 3.2). To validate this, we fit a linear mixed-effects model predict-

ing participants’ bonus allocations with Condition and Intercept, along with random intercept and

random slope for Condition grouped by participants, and the results showed that participants as-

signed more bonus when the lift was successful [t(180.0) = 17.60, p < .001 in Experiment 1a and

t(178.0) = 18.04, p < .001 in Experiment 1b]. The minimum effect size detectable by this anal-

ysis under standard criteria (80% power and 5% false-positive rate) given our sample size is 0.51 for

Experiment 1a and 0.49 for Experiment 1b. See Table 3.2 for the full regression output. Note that

this finding motivated us to deviate from our pre-registered plan and additionally control for Condi-

tion in the remaining regression analyses. This analysis decision was subsequently pre-registered for

Experiments 2a and 2b.

From Figure 3.2, it also seemed like people allocated different amounts of bonuses to agents

when their strength or force was matched, but allocated similar bonuses to agents when their ef-

fort was matched. To formally check for these effects, we fit a separate linear mixed-effects model
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Table 3.2: Bonus∼ Condition + (1 + Condition | Participant)

Estimate SE df t-statistic p-value
Exp 1a.
(Intercept) 2.118 0.137 180.0 15.49 <.001
Condition 2.989 0.170 180.0 17.60 <.001
Exp 1b.
(Intercept) 2.004 0.137 178.0 14.63 <.001
Condition 3.203 0.178 178.0 18.04 <.001

for each stimulus category (“Same strength”, “Same force”, and “Same effort”). Each regression

model regressed participants’ bonus allocation on Contestant (e.g., stronger or weaker on a Same

Effort trial), Condition (“Lift” or “Fail”), and Intercept, with random intercept and random slope

for Contestant and Condition grouped by participants. This was not possible for the “Same force“

trials in Experiment 1b, which only had one condition (“Fail”), so for those we removed the Con-

dition regressor. When agents had the same strength, participants assigned more bonus to the more

effortful agent [t(180.0) = 21.16, p < .001 in Experiment 1a and t(178.0) = 19.42, p < .001

in Experiment 1b; note that we used the Satterthwaite approximation of the degrees of freedom

throughout the paper]. The minimum effect size detectable by this analysis under standard cri-

teria (80% power and 5% false-positive rate) given our sample size is 0.31 for Experiment 1a and

0.32 for Experiment 1b. When agents produced the same amount of force, participants gave more

bonus to the weaker but more effortful agent [t(180.0) = −17.24, p < .001 in Experiment 1a

and t(178.0) = −13.12, p < .001 in Experiment 1b]. The minimum effect size detectable by

this analysis under standard criteria (80% power and 5% false-positive rate) given our sample size is

-0.24 for Experiment 1a and -0.26 for Experiment 1b. When agents exerted the same level of effort,

there was no significant difference in the bonus assigned to agents in Experiment 1a [t(180.0) =

0.42, p = .678], whereas participants assigned more bonus to the stronger agent in Experiment 1b

[t(178.0) = 2.72, p = .007 in Experiment 1b]. The minimum effect size detectable by this anal-
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ysis under standard criteria (80% power and 5% false-positive rate) given our sample size is 0.16 for

Experiment 1a and 0.18 for Experiment 1b. See Table 3.3 for the full regression output. Juxtaposing

these plots with results from Xiang et al. 266—the two “Xiang et al. 266 Responsibility” columns in

Figure 3.2)‡—the biggest difference is in the “Same effort” trials: the stronger agent is judged to be

more responsible, but both agents receive similar bonuses.
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Figure 3.2: Results from Experiments 1a and 1b (“Exp 1a Bonus” and “Exp 1b Bonus”) and from Xiang et al. 266 (the
two corresponding “Xiang et al. 266 Responsibility” columns). Each line corresponds to a scenario. Error bars indicate
bootstrapped 95% confidence intervals.

We compared participants’ bonus allocations to each of the seven computational models. For

every computational model, we fit a linear mixed-effects model predicting participants’ bonus allo-

cations with the model prediction, Condition, and Intercept, with random intercept and random

‡Wewant to remind readers that the effect is flipped in the Fail condition because more responsibility (i.e.,
more blame) would lead to less bonus.
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slope for Condition grouped by participants. The Condition regressor was included as an additive

effect to control for its effect on bonus allocation. We did not include random slopes for the model

prediction. This is because, for both Experiment 1a and Experiment 1b, regression on the strength

model with a maximal random effects structure was near singular, meaning that the variances of

one or more random effects were close to zero. A further principal component analysis on the ran-

dom effects covariance matrix revealed that one of the components captured 0 percent variance,

suggesting that the regression model was overparameterized. Dropping either the random slope

for Condition or the random slope for model prediction fixed the overparameterization, and since

dropping the random slope for model prediction produced principal components with more total

variance, we decided to drop the random slope for model prediction and keep the random slope

for Condition. For consistency, we used the same regression formula for all seven computational

models.

We then conducted a formal model comparison using the Bayesian Information Criterion (BIC).

Lower BIC values indicate better models. We found that the Effort model has the lowest BIC

among all models in both experiments, followed by the Ensemble model and the Force model (see

left panel of Figure 3.3A). None of the counterfactual-contribution models are close to the Effort

model in terms of BIC. This result provides a stark contrast to the responsibility attribution results

in Xiang et al. 266 , where the Ensemble model was found to best describe participants’ responsibility

judgments, followed by the Both-agent counterfactual model and Effort model (see middle panel of

Figure 3.3A). §

Plotting model predictions against the data (“Exp 1a Bonus” and “Exp 1b Bonus” columns in

Figure 3.4), we see that the Effort model also provides the closest quantitative fit to participants’

judgments both when the collaboration failed [Pearson’s r(28) = .99, p < .001 in Experiment

1a and r(28) = .98, p < .001 in Experiment 1b] and when the collaboration was successful

§For consistency, we also used the same regression formula in the re-analyses of Xiang et al. 266 .
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Figure 3.3: Model comparison in Experiments 1a and 1b (“Exp 1a Bonus” and “Exp 1b Bonus”), in Xiang et al. 266 (the
two corresponding “Xiang et al. 266 Responsibility” columns), and in Experiments 2a and 2b (“Exp 2a Bonus” and “Exp
2b Bonus”). (A) Bayesian information criterion (BIC) for each mixed‐effects regression model. (B) Proportion of partici‐
pants best explained by each model. Error bars indicate 95% confidence intervals of proportions. F = Force model, S =
Strength model, E = Effort model, FA = Focal‐agent‐only counterfactual model, NFA = Non‐focal‐agent‐only counterfac‐
tual model, BA = Both‐agent counterfactual model, EBA = Ensemble model.

[r(28) = .97, p < .001 in Experiment 1a and r(18) = .96, p < .001 in Experiment 1b]. The

Both-agent counterfactual model provides a much worse fit to the data regardless of whether the

collaboration failed [r(28) = .57, p = .001 in Experiment 1a and r(28) = .59, p < .001

in Experiment 1b] or was successful [r(28) = .55, p = .002 in Experiment 1a and r(18) =

.75, p < .001 in Experiment 1b]. The Ensemble model does a decent job in the Fail condition

[r(28) = .88, p < .001 in Experiment 1a and r(28) = .91, p < .001 in Experiment 1b] and

the Lift condition [r(28) = .95, p < .001 in Experiment 1a and r(18) = .96, p < .001 in

Experiment 1b], but still worse than the Effort model. The minimum effect size detectable by this

analysis under standard criteria (80% power and 5% false-positive rate) given our sample size is r =

.21 for both Experiments 1a and 1b. By contrast, the Ensemble model was the best-performing

model for responsibility judgments, followed by the Both-agent counterfactual model and Effort
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model (see the two “Xiang et al. 266 Responsibility” columns in Figure 3.4).

The Ensemble model was introduced in Xiang et al. 266 to deal with the inadequacy of the single-

factor models: there, the Effort model and the Both-agent counterfactual model were the best at

explaining responsibility attribution in each model category (actual-contribution or counterfactual-

contribution, respectively), but neither provided a fully adequate account, so the Ensemble model—

which averages the outputs of the Effort and Both-agent counterfactual models—was created to

explore the possibility of people employing two types of reasoning. However, here we see that ef-

fort alone already captures participants’ decisions about bonus allocation, and the Ensemble model

doesn’t provide a better fit than the Effort model.¶

As an additional point of comparison, we checked if individual participants’ responses were also

best explained by the Effort model. We fit seven linear models for each participant, each predicting

bonus allocations with one of the seven models, and compared the model BICs. We then counted

howmany participants’ responses were best predicted by each of the seven models (see left panel of

Figure 3.3B). For this analysis, we deviated from our pre-registration and excluded three participants

(one from Experiment 1a and two from Experiment 1b) who allocated 0 bonus to all contestants

in all trials. This is because, without any variation in their data, we are unable to fit the models, and

allocating 0 bonus regardless of contestants’ strength, effort, force, or the outcome of the collab-

oration suggests that these participants might not have been totally compliant with the task. We

found that the responses of the majority of participants were best captured by the Effort model

(72.2% of the participants in Experiment 1a and 50.8% of the participants in Experiment 1b). Only

13.9% of the participants in Experiment 1a and 19.2% of the participants in Experiment 1b were

best described by the Ensemble model. No participants in Experiment 1a and 5.6% of the partici-

¶In an exploratory analysis where we allowed the Ensemble model’s weighting factor to vary, we found
that the best-fitting model to participants’ bonus allocations predominantly considers Effort (w ≈ 0.9);
incorporating counterfactuals slightly improves the model’s quantitative fit to the data, but does not make
predictions that are qualitatively distinct from a model that considers Effort alone.
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Figure 3.4: Data‐model comparison in Experiments 1a and 1b (“Exp 1a Bonus” and “Exp 1b Bonus”) and in Xiang
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pants in Experiment 1b were best described by the Both-agent counterfactual model. By contrast, in

Xiang et al. 266 , the Ensemble model best explained the data of the majority of participants (56.7%

and 45.8%, respectively), followed by the Both-agent counterfactual model which best explained

14.4% and 23.2% of the participants, and the Effort model only explained 11.7% and 11.9% of the

participants (see middle panel of Figure 3.3B). This contrast again demonstrates that people might

consider different factors when making different judgments.

Finally, we were curious whether there were changes in bonus allocations over time. To that end,

we fit a linear mixed-effects model predicting participants’ bonus allocations with the trial number

(“Trial”) and Intercept, along with random intercept and random slope for Trial. This exploratory

analysis was not pre-registered. We did not find a significant effect of Trial in either experiment

[t(180.0) = 0.98, p = .328 in Experiment 1a and t(178.0) = 0.94, p = .347 in Experiment

1b]. The minimum effect size detectable by this analysis under standard criteria (80% power and 5%

false-positive rate) given our sample size is 0.11 for Experiment 1a and 0.12 for Experiment 1b. See

Table 3.4 for the full regression output.

3.4.3 Discussion

In Experiments 1a and 1b, we compared participants’ bonus allocations to seven models: three

actual-contribution models (Force, Strength, and Effort), three counterfactual-contribution models

(Focal-agent-only, Non-focal-agent-only, and Both-agent), and an Ensemble model which assigns

bonuses based on the average of the Effort model and the Both-agent counterfactual model. Model

comparison and correlation analysis showed that the Effort model provided the best quantitative fit

to the behavioral data. The Effort model also best explained the responses of the majority of partic-

ipants. These results suggest that bonus allocations are closely tied to subjective effort, rather than

actual force or counterfactual reasoning.

Comparing our results to Xiang et al. 266 , we see that, while people reason about both agents’
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actual and potential effort when they attribute responsibility, they mostly consider agents’ actual

effort alone when they allocate bonuses. This shows that participants likely do not base their reward

assignments on responsibility. We return to this discrepancy in the General discussion.

3.5 Experiments 2a and 2b

Experiments 1a and 1b showed that people’s decision to reward collaborators is closely tied to how

much effort they exerted, and less to who caused the outcome. But why do people reward effort?

Are they merely rewarding agents for the fact that they exerted effort (which comes with a cost), or

are they rewarding something deeper, for example their dispositions and mental states?

To answer these questions, in Experiments 2a and 2b we added a secrecy manipulation. On ev-

ery trial, we told participants that one agent was secretly instructed to exert a certain level of effort,

marked by a symbol. If participants provide bonuses based just on the level of exerted effort, then

whether or not an agent is secretly instructed should not affect the relation between bonus and ef-

fort. On the other hand, if participants base their bonus allocations on agents’ reasons to exert effort

(i.e., rewarding an agent’s desire to successfully complete a collaborative task), then we should ex-

pect to see an interaction between secrecy and effort, where changes in effort levels produce smaller

changes in bonus when an agent is secretly instructed. Note that an interaction between secrecy and

effort is potentially also compatible with an account that bases rewards on perceived responsibil-

ity, as agents who are instructed what to do are likely less responsible for the effort they contribute.

However, if that is the case, we should see that the secret agents get rewarded moderately across

different scenarios, and their bonuses should be relatively stable regardless of the outcome of the

collaboration.
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3.5.1 Materials andMethods

Participants

We recruited 178 participants for Experiment 2a and 180 participants for Experiment 2b via Ama-

zon’s Mechanical Turk platform (MTurk). As in Experiments 1a and 1b, participants completed

a comprehension check after reading the instructions and two attention checks during the experi-

ment. Participants who failed both attention checks were asked to leave the experiment early, and

since their data were not saved, we do not know howmany failed both attention checks and left.

Participants in Experiment 2a were compensated $3.00 to complete 30 trials, and participants in Ex-

periment 2b were compensated $2.50 to complete 25 trials. The experiments were carried out with

appropriate institutional approval and pre-registered at https://aspredicted.org/LTD_XPK.

Stimuli

The stimuli were the same as in Experiments 1a and 1b, except that on each trial, one agent is ran-

domly selected to receive a secret instruction about exactly howmuch effort to exert. This is indi-

cated by a spy symbol shown right below the agent.

Procedure

The procedure was the same as Experiments 1a and 1b, except that participants also saw which agent

was given the secret instruction about exactly howmuch effort to exert (marked by a spy symbol).

3.5.2 Results

To test the robustness of the previous findings, we compared participants’ bonus allocations to each

of the seven computational models. As in Experiments 1a and 1b, for every computational model,
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we fit a linear mixed-effects model predicting participants’ bonus allocations with the model predic-

tion, Condition, and Intercept, with random intercept and random slope for Condition grouped

by participants. We then conducted a formal model comparison using the Bayesian Information

Criterion (BIC). Lower BIC values indicate better models. We found that the Effort model has the

lowest BIC among all models in both Experiment 2a and Experiment 2b, followed by the Ensemble

model and the Force model (see right panel of Figure 3.3A). Comparing the left and right panels of

Figure 3.3, we see that the patterns look very similar, suggesting that introducing the secret agent

likely did not change the underlying process.

We also conducted the same single-participant analysis as in Experiments 1a and 1b. We fit seven

linear models for each participant, each predicting bonus allocations with one of the seven models,

and compared the model BICs. Three participants from Experiment 2a and two participants from

Experiment 2b were excluded in this analysis because they allocated 0 bonus to all contestants in all

trials and hence had no variation in their data. We counted howmany participants’ responses were

best predicted by each of the seven models (see right panel of Figure 3.3B). Two participants, one

in each experiment, were fit equally well by the Focal-agent-only counterfactual model and Non-

focal-agent-only counterfactual model. We took a conservative approach and counted them as both

best fit by the Focal-agent-only counterfactual model and best fit by Non-focal-agent-only counter-

factual model, to be the most flattering to the two models. Even so, very few participants were best

fit by these two models—1.7% of the participants in Experiment 2a and 2.2% of the participants in

Experiment 2b were best fit by the Focal-agent-only counterfactual model, and 4.6% of the partic-

ipants in Experiment 2a and 5.1% of the participants in Experiment 2b were best fit by the Non-

focal-agent-only counterfactual model. As in Experiments 1a and 1b, we found that the responses

of the majority of participants were best captured by the Effort model (61.1% of the participants in

Experiment 2a and 54.5% of the participants in Experiment 2b). Only 17.7% of the participants in

Experiment 2a and 16.9% of the participants in Experiment 2b were best described by the Ensemble
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model. No participants in Experiment 2a and 4.5% of the participants in Experiment 2b were best

described by the Both-agent counterfactual model.

Our main goal of Experiments 2a and 2b was to examine whether agents’ motivation to exert ef-

fort affected the bonuses they received. To that end, we fit a linear mixed-effects model predicting

participants’ bonus allocations with agents’ exerted effort, secrecy (i.e., whether an agent was secretly

instructed), the interaction between effort and secrecy, Condition (Fail or Lift), and Intercept, with

random intercept and random slopes for effort, secrecy, the interaction between effort and secrecy,

and Condition grouped by participants. The full regression output is shown in Table 3.5. As with

Experiments 1a and 1b, we saw a significant main effect of Condition [t(177.0) = 16.85, p < .001

in Experiment 2a and t(179.0) = 14.87, p < .001 in Experiment 2b], suggesting that partic-

ipants assign more bonus to agents when they succeed. The minimum effect size detectable by

this analysis under standard criteria (80% power and 5% false-positive rate) given our sample size

is 0.49 for Experiment 2a and 0.47 for Experiment 2b. We also saw a significant main effect of effort

[t(177.3) = 18.28, p < .001 in Experiment 2a and t(179.8) = 19.16, p < .001 in Experiment

2b], suggesting that bonuses correlate with the level of effort exerted; specifically, more effort is asso-

ciated with more bonus. The minimum effect size detectable by this analysis under standard criteria

(80% power and 5% false-positive rate) given our sample size is 0.16 for Experiment 2a and 0.17 for

Experiment 2b.

We observed a statistically significant interaction effect between effort and secrecy [t(177.8) =

−3.17, p = .002 in Experiment 2a and t(178.6) = −3.89, p < .001 in Experiment 2b], mean-

ing that changes in effort levels produce greater changes in bonus when agents are not secretly in-

structed. The minimum effect size detectable by this analysis under standard criteria (80% power

and 5% false-positive rate) given our sample size is -0.13 for Experiment 2a and -0.14 for Experiment

2b. This effect is visualized in Figure 3.5. This suggests that whether an agent voluntarily decided

their effort allocation or was instructed to exert a certain level of effort affects howmuch bonus
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people give them: People do not provide bonuses based just on agents’ effort, but also on their moti-

vation to exert effort.
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Figure 3.5: Within‐subject bonus difference (non‐secret agent’s bonus minus secret agent’s bonus). Agents’ effort was
binned to 0‐30%, 30%‐60%, and 60%‐90% for visualization (the highest effort level in the stimuli is 80%). Error bars
indicate bootstrapped 95% confidence intervals.

The significant interaction effect might seem to be compatible with rewarding others based on

responsibility, since the secret agents were being told what to do and thus were less responsible for

the level of effort they exerted. If this was true, then participants should be rewarding the secret

agents a relatively stable bonus throughout the scenarios, regardless of the outcome of the collabo-

ration. However, an exploratory analysis (see Figure 3.6) showed that participants overall assigned

similar bonuses to the secret agents and non-secret agents, and for both types of agents, the bonuses

were sensitive to the outcome of the collaboration. This indicates that lack of responsibility in de-

ciding howmuch effort to exert doesn’t exculpate the secret agents when the collaboration fails, nor

does it diminish the reward they deserve for their effort exertion when the collaboration succeeds.

3.5.3 Discussion

In Experiments 2a and 2b, we further investigated why people rewarded agents for their effort by

adding a secrecy manipulation. We found that the relation between effort and bonus was moderated

114



Exp 2a Exp 2b

Non−secret Secret Non−secret Secret

3

4

5

Secrecy

B
on

us Fail

Lift

Figure 3.6: Bonus as a function of secrecy and Condition. Error bars indicate bootstrapped 95% confidence intervals.

by secrecy, i.e., the relation between bonus and effort was stronger when agents decided howmuch

effort to exert. This finding suggests that participants were not merely rewarding agents for the level

of effort they exerted; they cared about why the agents exerted that effort. In addition, participants

rewarded the secret agents differently for different outcomes, but similar to the non-secret agent,

suggesting that the interaction wasn’t from the secret agents’ lack of responsibility to decide how

much effort to exert.

3.6 General Discussion

Rewarding the right collaborators can encourage desired behaviors and increase chances of success

in the future, but it is unclear how we make these decisions. In Experiments 1a and 1b, we com-

pared participants’ bonus allocations to seven models reported in Xiang et al. 266 using the same

design and stimuli. This allowed us to directly contrast bonus allocations with responsibility judg-

ments, and compare the contributions of output (i.e., force), actual effort, and counterfactual effort

on bonuses. While participants’ responsibility attributions were best predicted by the Ensemble

model—which makes judgments based on an equal weighting between actual and counterfactual
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effort—here we found that participants’ bonus allocations were best predicted by actual effort

alone. These results suggest that responsibility judgments and bonus allocations differ in meaning-

ful ways, and that participants do not reward agents based on howmuch output they actually con-

tributed or howmuch effort they could have exerted. Instead, participants rewarded agents based on

the effort they actually exerted.

In Experiments 2a and 2b, we investigated how effort drives reward assignments by introducing

agents who were secretly instructed to exert a certain level of effort. We found a significant inter-

action effect between effort and secrecy showing that the relation between effort and bonus was

stronger when agents themselves decided howmuch effort to exert. These results deepen our un-

derstanding from Experiments 1a and 1b: People reward actual effort not for the effort itself—they

also care about why a person exerted the effort. When collaborators can decide howmuch effort to

exert, participants are more sensitive to the precise level of effort they choose to exert and reward

themmore for exerting more effort. Rewarding collaborators based on their willingness to exert ef-

fort may reflect deeper attributions about each collaborator’s motivations. In particular, past work

has shown that effort is rewarded, valued, and praised because it reflects the importance of the goal

to the agent17 and serves as a signal about an agent’s underlying character35,4. Our results provide

causal evidence that complements this line of work by directly manipulating the reasons behind

agents’ effort exertion.

Rewarding collaborators’ willingness to exert effort may have additional benefits to collabora-

tion. One benefit is that willingness to exert effort increases the chances of success in future collab-

orations. Recent work has found evidence that rewarding people for their willingness to exert effort

can increase their willingness to choose harder tasks when rewards are no longer offered142. In addi-

tion, by exerting more effort, agents can also get better at the task and become better collaborators

over longer timescales268. Another benefit is that it encourages qualities of good collaborators such

as a strong commitment to the team’s goals, which are stable across task domains and contexts96,89
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where agents’ competence may vary. Incentivizing traits that benefit the group may also have long-

lasting benefits by promoting collaboration98,100.

We observed that bonus allocations are determined by effort alone, in contrast to prior work that

has found that responsibility attributions also depend on counterfactuals. Both studies used the

same stimuli, and both have been replicated across multiple experiments, so it appears that merely

prompting participants differently may affect their judgments. One possibility for this discrepancy

is that judgments about responsibility and bonus allocation may rely on different computations

because they are distinct in more fundamental ways. Gerstenberg 67 made a distinction between

counterfactuals and hypotheticals, arguing that counterfactuals are thoughts about changes that

lie in the past (e.g., after an event happened, wondering whether it would have happened if some-

one hadn’t been present), whereas hypotheticals are thoughts about changes that lie in the future

(e.g., before an event happens, wondering whether it would happen if someone wasn’t present). In

a similar vein, responsibility attribution seems to be a type of retrospective judgment that is sensitive

to causal reasoning—understanding who and what led to the success or failure67,70,131,72—and re-

flects who we think is a better partner such as more competent and more willing to exert effort in

the current setup, or more wealthy and fair in181. By contrast, bonus allocation seems to be a type

of prospective judgment, based primarily on how to motivate partners to contribute more in the fu-

ture135,41,117,52. Responsibility attributions and bonus allocations might thus reflect two different

kinds of judgment: The former situates the agent in the event and considers both the agent’s be-

havior and the environment e.g., other agents’ behavior;271,266, whereas the latter cares about how

to motivate the agent to do the best they can28. It is worth noting that our speculation is more so

based on the rationale that a major goal of rewards is to reinforce behaviors in the future. Since our

task didn’t involve collaborating with the same agents in the future, it is possible that the bonus al-

locations are also somewhat retrospective but vary meaningfully from responsibility attributions;

or that they are a kind of heuristic we apply even in the absence of future collaborations, but the
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heuristic itself is learned through the need to reinforce successful future collaborations.

Other fields make similar distinctions when evaluating past and future behavior. For example,

in the law, this distinction is also reflected in the two standard justifications for state punishment:

backward-looking, retributivist justifications, whose principle is to punish people engaging in crimi-

nal behavior, versus forward-looking, consequentialist justifications, which justify punishment by its

future beneficial effects130,84. Organizations also distinguish between the two when allocating base

pay versus bonus pay: Base pay mostly has to do with supply and demand in the labor market—

finding the collaborators that will lead to success (for example, in the context of our experiments,

partners who are both competent and willing to exert effort), whereas bonus pay mostly has to do

with effort—incentivizing existing collaborators to increase their effort28,182,135. Thus, the discrep-

ancies between responsibility attribution and bonus allocation raise the possibility that people are

motivated by different goals when they make retrospective versus prospective judgments in collabo-

rations.

This logic might be able to explain why we observed a consistent and significant effect of the col-

laboration outcome on bonus allocations—namely, participants reward collaborators more when

they succeed than when they fail—while Xiang et al. 266 did not find a similar effect in responsibility

attribution. In fact, this pattern was also found in studies conducted decades ago252,185. While the

relative reward-worthiness is preserved within the same outcome condition (i.e., agents who were

more willing to exert effort were still rewarded more), a failure signals that the teammates likely need

to contribute more to succeed in the future, so motivating teammates becomes especially impor-

tant. A closer look at Figure 3.2 (“Exp 1a Bonus” and “Exp 1b Bonus” columns) reveals that bonus

allocations align with model predictions in magnitude when agents succeed (points fall along the

dashed line), whereas when agents fail, participants’ responses are smaller than model predictions

(points fall under the dashed line). Because bonuses cannot be negative, lesser bonuses may have

served as a form of punishment for failed collaborations. If the goal of bonus allocation is to increase

118



chances of success in the future by motivating collaborators to contribute more, then punishing

failures and signaling a preference for willingness to exert effort seem to work in the same direction.

By contrast, the outcome of a collaboration might not matter as much for a retrospective judgment

such as responsibility attributions aiming at understanding who caused the outcome.

An open question for future research is how closely these findings resemble the way people re-

ward collaborators in real-world situations. Our approach allowed us to examine lay intuitions

about who deserves a reward in finely controlled experiments where people’s competence, effort,

and force were directly manipulated and observed by participants. However, information about

someone’s competence and effort is often difficult to tease apart in real-world organizations, and

that could be a reason why there exist formal incentive schemes that reward output (e.g., piece-rate

pay) in lieu of effort. Additionally, real-world situations might bring challenges not considered in

our setup, and people might subsequently deviate from rewarding effort. For instance, they may

reward their in-group more than out-group25,232, adjust their reward allocations to restore equity

in a dyad139, or base their rewards on other cues when information about effort is less reliable (e.g.,

someone might lie about how hard they tried) or when effort judgments are biased by the context

of the task110 and reward magnitude187. Future work is needed to understand how well laypeo-

ple’s intuitions and the current theory apply to these naturalistic settings. Another open question is

whether rewarding collaborators based on their willingness to exert effort actuallymotivates them

to contribute more in the future. Because participants in our experiments only played the role of

handing out bonuses, it is unclear if people receiving the bonuses interpret them the same way as

givers would expect.

Finally, although we focused solely on physical tasks, it is reasonable to think that our findings

generalize to situations involving cognitive effort. Past work has shown that people’s intuitive the-

ories of competence and effort are similar across physical tasks (such as box-lifting) and cognitive

tasks (such as solving math problems)268. Further investigation is needed to confirm that the same
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findings hold in cognitive tasks.

In summary, we showed that participants reward collaborators based on their willingness to ex-

ert effort, rather than their responsibility for the outcome of the collaboration. This suggests that

rewarding partners and judging their responsibility are likely driven by different computations.

We propose that responsibility attributions evoke retrospective judgments to understand the past,

whereas bonus allocations entertain prospective judgments of how can we motivate collaborators

in the future. In doing so, the current work sheds light on how we understand and formalize the

cognitive capacities that underlie collaboration. Future work is needed to formally test this theory,

understand more generally what ought to influence retrospective versus prospective representations,

and which sorts of judgments (in addition to responsibility and bonus) ought to reflect the kind of

representations evoked.
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Table 3.3: Bonus∼ Condition + Contestant + (1 + Condition + Contestant | Participant)

Estimate SE df t-statistic p-value
Exp 1a. Same strength.
(Intercept) 0.912 0.113 180.0 8.10 <.001
Condition 2.780 0.169 180.0 16.46 <.001
Contestant 2.320 0.110 180.0 21.16 <.001
Exp 1b. Same strength.
(Intercept) 0.925 0.131 178.0 7.05 <.001
Condition 2.932 0.179 178.0 16.42 <.001
Contestant 2.153 0.111 178.0 19.42 <.001
Exp 1a. Same effort.
(Intercept) 2.225 0.156 180.0 14.23 <.001
Condition 3.163 0.183 180.0 17.30 <.001
Contestant 0.023 0.055 180.0 0.42 .678
Exp 1b. Same effort.
(Intercept) 2.002 0.154 178.0 12.97 <.001
Condition 3.392 0.184 178.0 18.42 <.001
Contestant 0.174 0.064 178.0 2.72 .007
Exp 1a. Same force.
(Intercept) 2.749 0.156 180.0 17.57 <.001
Condition 3.024 0.173 180.0 17.48 <.001
Contestant -1.407 0.082 180.0 -17.24 <.001
Exp 1b. Same force.
(Intercept) 2.534 0.166 178.0 15.31 <.001
Contestant -1.222 0.093 178.0 -13.12 <.001
Note. For the “Same force” trials in Experiment 1b, the Condition regressor was
dropped because these trials could only produce a “Fail” outcome.

Table 3.4: Bonus∼ Trial + (1 + Trial | Participant)

Estimate SE df t-statistic p-value
Exp 1a.
(Intercept) 3.612 0.127 180.0 28.36 <.001
Trial 0.036 0.037 180.0 0.98 .328
Exp 1b.
(Intercept) 3.285 0.123 178.0 26.61 <.001
Trial 0.043 0.046 178.0 0.94 .347
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Table 3.5: Bonus∼ Effort * Secrecy + Condition + (1 + Effort * Secrecy + Condition | Participant)

Estimate SE df t-statistic p-value
Exp 2a.
(Intercept) 2.618 0.156 177.0 16.73 <.001
Effort 1.030 0.056 177.3 18.28 <.001
Secrecy 0.068 0.076 177.2 0.89 .374
Condition 2.849 0.169 177.0 16.85 <.001
Effort× Secrecy -0.136 0.043 177.8 -3.17 .002
Exp 2b.
(Intercept) 2.849 0.162 179.0 17.64 <.001
Effort 1.105 0.058 179.8 19.16 <.001
Secrecy 0.085 0.072 179.7 1.17 .243
Condition 2.397 0.161 179.0 14.87 <.001
Effort× Secrecy -0.185 0.048 178.6 -3.89 <.001
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4
Optimizing competence in the service of

collaboration

4.1 Abstract

In order to efficiently divide labor with others, it’s important to understand what our collaborators

can do (i.e., their competence). However, competence is not static—people get better at particular

jobs the more often they perform them. This plasticity of competence creates a challenge for collab-

oration: For example, is it better to assign tasks to whoever is most competent now, or to the person

who can be trained most efficiently “on-the-job”? We conducted four experiments (N = 396)

123



that examine how people make decisions about whom to train (Experiments 1 and 3) and whom

to recruit (Experiments 2 and 4) to a collaborative task, based on the simulated collaborators’ start-

ing expertise, the training opportunities available, and the goal of the task. We found that partic-

ipants’ decisions were best captured by a planningmodel that attempts to maximize the returns

from collaboration while minimizing the costs of hiring and training individual collaborators. This

planning model outperformed alternative models that based these decisions on the agents’ current

competence, or on howmuch agents stood to improve in a single training step, without consider-

ing whether this training would enable agents to succeed at the task in the long run. Our findings

suggest that people do not recruit and train collaborators based solely on their current competence,

nor solely on the opportunities for their collaborators to improve. Instead, people use an intuitive

theory of competence to balance the costs of hiring and training others against the benefits to the

collaboration.

4.2 Introduction

Division of labor is central to collaboration: Even young children can appropriately assign tasks

based on the relative competence of their collaborators154,7, or take their collaborator’s physical

constraints into account when planning their own actions245. One of the chief advantages of divi-

sion of labor is that it allows individual workers to get better at specialized tasks through practice.

In TheWealth of Nations, Smith 205 gives the example of a contest between a teenager and a smith:

Through sheer practice, a teenager who solely makes nails, day in and day out, can vastly outper-

form a smith who only occasionally makes nails as one of the many products of her forge. Smith 205

argued that these increases in efficiency from division of labor could directly account for extraordi-

nary increases in the wealth of nations. Indeed, many of the benefits of collaboration and division of

labor stem precisely from the fact that competence is not static.
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Taking into account how people’s competence changes with practice is particularly important

when making decisions about whom to recruit for a collaborative task, or howmuch to invest in

their training. For example, a company might hire a less experienced candidate who—with appro-

priate training—could qualify for the job, as opposed to a highly-skilled candidate who requires a

hefty salary. Similarly, graduate school advisors might admit a student who shows great potential,

given opportunities to train and learn. Training also allows current teammembers to become better

suited for their roles. Organizations investing in effective training programs that enhance employ-

ees’ capabilities tend to achieve both short- and long-term benefits for both the employees and the

organizations169. Effective training fills the gap between desired performance and actual employee

performance; by improving employees’ performance and capabilities, companies increase their or-

ganizational productivity56. Formal employee training programs are also unique in their ability to

bring below-average firms up to the performance level of comparable businesses11. In short, people

often make decisions in real-world collaborations by considering not only how capable people are al-

ready, but also how capable they will become over the course of a long-term collaboration. However,

little is known about the lay intuitions behind how people make decisions about whom to recruit,

whom to train, and how to train them.

Answers to these questions hinge on many factors, including what we know about the team

structure, what training resources are available, howmuch time we have for training, etc., and also

require that we take into account how our collaborators’ competence may change on the job. These

decisions can be characterized as a sequential decision problem that requires long-term prospec-

tion. Recent work suggests that—much as people can use planning to solve sequential decision

problems50,109 in non-social settings—they can also plan joint actions efficiently225,226,48 and use

intuitive theories of other people’s minds to plan interventions on their mental states106, including

beliefs and desires179,10,9,114, and also representations of competence and effort267. Thus, one pos-

sibility is that people may make decisions about whom to recruit and train for a collaborative task
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by anticipating how others’ competence may change over time and planning accordingly. However,

planning in general is computationally expensive, and these costs may be prohibitive in the context

of collaboration, where optimal planning requires recursive theory of mind237.

Thus, people may instead use simpler heuristics to decide whom to assign to what task without

planning ahead53,174,175. For example, people may simply assign tasks based on who is more com-

petent now, without considering how their competence will change as a result of training. Indeed,

past work has found that adults tend to select teams whose combined expertise suffices for a partic-

ular job267, and that children tend to use relative differences in ability to assign people to tasks7,154.

Another possibility is that—rather than treating training as a means to an end—people might in-

stead train agents who need it the most. If this is the case, then they may selectively train the weakest

agent, or the agent who stands to improve the most from a single bout of training, without planning

ahead to consider what the group’s overall competence will be after training.

Across four experiments (N = 396), we show that people engage in planning when they make

training and hiring decisions regarding simulated agents. The first two experiments are a collabora-

tive box-lifting task framed as a game show. In Experiment 1, participants trained agents to prepare

them to lift a heavy box together. In Experiment 2, participants first selected two agents out of a

pool of four candidates, then trained the selected agents to lift a heavy box together. Experiments 3

and 4 generalized the task to a more education-oriented context, where participants recruited and

trained students for a math Olympiad. We compared the human judgments to a planningmodel

and four alternative models that base training decisions on heuristics: an exploitationmodel that se-

lects the strongest agent, an equitymodel that selects the weakest agent, a learningmodel that trains

agents who will improve the most after a single training step, and an equalitymodel that invests

equally in every agent’s training. We found that the planning model qualitatively and quantitatively

provided the best match to the data. * In the following section, we describe these models in detail.

*All data and code are publicly available at https://github.com/yyyxiang/competence_training.
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4.3 Theoretical framework

In Experiments 1 and 2, pairs of simulated agents play a contest where they attempt to lift a heavy

box (i.e., the target) together to win a prize. Before the contest, participants can increase the agents’

strength by assigning them boxes to train with on their own. Experiments 3 and 4 apply the same

framework to a similar problem with a different framing: Participants—imagining themselves as

high school math coaches—recruit and train student contestants for a math Olympiad. Participants

can increase students’ math abilities by assigning them problem sets to complete. Since these two

paradigms differ only in the framing, we describe below how we set up the models for the collabo-

rative box-lifting task in Experiments 1 and 2. We start by describing how individual “trainees” (i.e.,

simulated agents) gain strength, based on the effort they invest into the lift, and then describe a suite

of models of how “trainers” (i.e., participants) decide whom to train and how to train them.

4.3.1 Modeling trainees’ behavior

Suppose each agent a has a strength Sa and exerts effort Ea ∈ [0, 1] to lift a training box of weight

W. Effort Ea defines the proportion of an agent’s strength that is applied to lifting.† Therefore,

agent a applies a force of Sa · Ea to lift, and succeeds if this force equals or exceeds the box weightW

(i.e., Sa · Ea ≥ W). The agent’s utility function is defined as the reward from lifting the box minus

the effort cost267:

U(E) = R · L− C(E), (4.1)

whereR is the reward the agent receives from successfully lifting the box, C(E) is the effort cost, and

L = I[Ea ·Sa ≥ W]. The indicator function I[·] = 1 if its argument is true, 0 otherwise; thus, L = 1

indicates that the lift was successful. We model agents as deterministic utility maximizers (i.e., agents

†For computational tractability, we constrained the effort space to discrete values, ranging from 0 to 1
with increments of 0.01.
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always choose the effort level that maximizes the utility function):

E∗a = argmax
Ea

U(Ea). (4.2)

Note that in this phase, where agents are lifting boxes individually, we do not yet need to consider

collaborative optimization of effort.

For simplicity, we assume that agents are highly motivated to lift the box (i.e.,R ≫ C(E)).

Therefore, E∗a is effectively:

E∗a =


W/Sa if Sa ≥ W (L = 1)

0 if Sa < W (L = 0)
(4.3)

This means that an observer can predict an agent’s effort once they know the agent’s strength and

the weight of the box.

We make a simple yet plausible assumption about how strength increases with training: Strength

increases in proportion to effort, which can be formalized by the following update rule:

ΔSa = ρ · Ea, (4.4)

where ρ ∈ [0, 1] is a learning rate. Here, we set ρ to 1, such that strength increases by the level of

effort exerted. If we assume that agents exert the optimal effort for the task (Equation 4.3), we see

that failed lifts do not increase agents’ strength—as the optimal effort is 0—whereas a successful lift

increases it in proportion to the effort exerted. Because agents’ strength increases after each train-

ing bout, assigning the same weight a second time will require less effort and increase the agents’

strength less, consistent with the “diminishing returns” principle of strength training165.
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4.3.2 Modeling trainers’ decisions

In Experiment 1, participants trained pairs of agents so that they could lift a target box of weight

W together. We define training strategies as the sequences of actions taken by participants during

training; at each step, participants can choose to pay a small training cost to train one agent using a

box selected from an array, or they can choose to not train any agents at all to save on training costs.

We use S′ai to denote agent a’s strength after training according to training strategy i. If the agents’

combined strength equals or exceedsW by the end of training (
∑

a S′ai ≥ W), then the joint lift

succeeds (L = 1), and participants receive a reward ofRminus the cumulative training costsK(i)

of training strategy i. We setK(i) as a small, fixed fee k for every unit of weight used during training;

heavier boxes thus deduct higher costs from participants’ bonus.

In Experiment 2, participants additionally chose which agents to recruit prior to training. Partici-

pants first selected two agents out of a pool of four candidates to form a team t, then trained the two

selected agents (a ∈ t) to prepare the two of them to lift a heavy box together. The training process

was identical to Experiment 1, although there was no cost associated with training (i.e.,K(i) = 0).

Instead, participants paid a hiring fee for each agent recruited on the team, which we set as a small,

fixed fee h for every unit of strength. We denote the total fee for team t byH(t).

To capture how participants make these decisions, we first describe a planning model that an-

ticipates how agents’ strengths will change as a result of the training strategy, then describe four

alternative models that use heuristics to make decisions.

Planning model

For the planning model, the trainer’s goal is to obtain the reward with minimal cost. Thus, the ac-

tion value of training strategy i is defined as:
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Qplanning
i = R · L− K(i), (4.5)

where L indicates whether the joint lift is successful by comparing the sum of agents’ forces to the

target box weight. L is defined as:

L = I

[∑
a

E′a · s′ai ≥ W

]
, (4.6)

where E′a indicates the level of effort agent a exerts during the joint lifting.

Since we assume that agents are highly motivated to exert effort when necessary (i.e., E′a ≈ 1), the

lift function becomes:

L ≈ I

[∑
a

s′ai ≥ W

]
(4.7)

In many cases, some strategies are equally preferred, and some others are only slightly less pre-

ferred. In light of this, we decided to add stochasticity to the choice process, instead of keeping the

training strategy with the highest action value. We passed action values through a softmax function

so that the model chooses training strategies stochastically. Strategies with higher action values are

more likely to be chosen. The probability of selecting training strategy i is:

Pi =
eγQi∑K
j=1 eγQj

, (4.8)

where γ is the inverse temperature parameter that controls the stochasticity of the predictions by

scaling the action values before applying softmax, andK is the total number of training strategies.

The prediction of agents’ strength after training is therefore the expected value of the agent’s

updated strength—in other words, a weighted average of updated strengths from all the possible
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training strategies:

S′a =
∑
i
Pi · S′ai (4.9)

In the team selection problem in Experiment 2, the action value for choosing each team is defined

as:

Qplanning
t = R · L−H(t), (4.10)

where L is again an indicator function returning whether the agents lifted the target box together:

L = I

[∑
a∈t

S′a ≥ W

]
(4.11)

Here S′a indicates the selected agents’ strengths post-training following the same calculation de-

scribed above (Equation 4.9), except that we add the constraint that only agents selected on the team

(a ∈ t) can receive training.

Alternative models

We compare the planning model to four alternative models that use heuristics in lieu of planning:

an exploitation model, an equity model, a learning model, and an equality model. Same as above, we

use Sa to denote agent a’s strength before training, and S′a to denote agent a’s strength after train-

ing. Below, we describe how each of these models computes the action values of each strategy. The

action values are then passed through the softmax function.

The exploitation model maximizes the strongest agent’s strength after training while consider-

ing the costs of training and hiring. The action value of each training strategy is therefore:

Qexploitation
i = max

a
S′ai − K(i) (4.12)
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And the action value of selecting each team is:

Qexploitation
t = max

a
S′a −H(t) (4.13)

Note that here and elsewhere, S′a is implicitly dependent on the team t since only agents in t are

trainable.

The equity model minimizes the strength difference between the strongest agent and the weakest

agent after training while considering the costs of training and hiring:

Qequity
i = min

a
S′ai −max

a
S′ai − K(i) (4.14)

Qequity
t = min

a
S′ai −max

a
S′a −H(t) (4.15)

The learning model maximizes the total strength gain from training while considering the costs of

training and hiring:

Qlearning
i =

∑
a

S′ai − Sa − K(i) (4.16)

Qlearning
t =

∑
a

S′a − Sa −H(t) (4.17)

The equality model invests equally in every agent’s training by indiscriminately choosing training

strategies and teams inspired by157,102 while considering the costs of training and hiring:

Qequality
i = −K(i) (4.18)

Qequality
t = −H(t) (4.19)

We also considered a Rawlsian model that maximizes the strength of the weakest agent after train-

ing183 and a utilitarian-style model that maximizes the sum of the agents’ strengths after train-
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ing162,14. The Rawlsian model makes similar predictions as the equity model because maximizing

the weakest agent’s strength after training is essentially reducing the strength difference between

the strongest and the weakest agents (for example, both models tend to focus entirely on training

the weakest agent). The utilitarian-style model makes similar predictions as the learning model be-

cause maximizing the sum of the agents’ strengths after training is equivalent to maximizing total

strength gain. Since these two models make similar predictions as the ones we described above, we

focus on the four aforementioned alternative models (exploitation, equity, learning, and equality) in

the interest of parsimony.

In Experiments 3 and 4, we extend this framework into a math Olympiad task, where agents’

strength is replaced with math abilities, and box weights are replaced with difficulties of math prob-

lems. Everything else carries over into the new task.

4.3.3 Parameter fitting

Our theoretical framework contains a single free parameter: the inverse temperature parameter γ in

Equation 4.8. For every model, we fit this parameter to each participant’s choices (training strategies

in Experiments 1 and 3 and teams in Experiments 2 and 4) using maximum likelihood estimation

through a grid search with search space ranging from 5 to 15, with increments of 0.5. We chose

this range because, below the lower bound, the alternative models approach uniform distributions

(specifically, exploitation, equity, and learning models in Experiments 1 and 3, and all four alterna-

tive models in Experiments 2 and 4).

4.4 Experiment 1

The purpose of Experiment 1 was to examine how participants train teammates in preparation for

a collaborative task. Specifically, we asked whether participants’ decisions are better captured by the
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planning model or by alternative heuristic models. We designed four scenarios in which the models

described above make qualitatively distinct predictions. The planning model predicts that people

will train agents to be just strong enough to clear the task, while the exploitation, equity, and learning

models will try to maximize agents’ final strength by maximizing the strongest agent’s strength, re-

duction in the strength difference between the strongest and weakest agents, and the total strength

gain, respectively, after accounting for training costs. The equality model will essentially only con-

sider training costs since, otherwise, it prefers every training strategy equally. To ground the scenar-

ios in a realistic setting, we framed the experiment as a game show consisting of four contests.

4.4.1 Materials andMethods

Participants

We recruited 99 participants via Amazon’s Mechanical Turk platform (MTurk).‡ In this and subse-

quent experiments, to ensure data quality, our task was only available to MTurk workers who have

had at least 1,000 studies approved and an approval rate higher than 98%, and participants were

only allowed to proceed to the experiment after answering all questions in a comprehension check

correctly.

Participants received a base pay of $1 and a potential bonus payment of up to $4. The bonus

payment depended on the training boxes participants used to train the contestants and whether the

lifting turned out successful. Specifically, for every successful lift, participants received $1; for every

weight unit they used, $0.04 was deducted from their bonus payment, regardless of the lift outcome.

The experiment was approved by the Harvard Institutional Review Board and pre-registered at

https://aspredicted.org/1GF_TVQ.
‡In Experiments 1, 3, and 4, we stopped data collection once 100 participants submitted their responses

onMTurk, as stated in the pre-registration, but only received 99 participants’ data due to a server error.
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Procedure

Figure 4.1 shows the task setup. The game show consisted of four contests, each with a different

pair of contestants. In each contest, participants first saw the contestants’ starting strengths and

the weight of a heavy box, and were asked to train contestants to prepare them to lift the heavy box

together. In order to make the strengths and weights intuitive to the participants, we expressed them

using the same units. Each contestant’s strength determines the heaviest weight they can lift given

an all-out effort; a contestant with a strength of 5 would fail to lift boxes with a weight of 6 or higher

on their own, no matter howmuch effort they exerted.

Participants were provided with four training boxes in all contests (Weights 2, 4, 6, and 8) and

were told that contestants would gain strength based on the effort they put into lifting each box.

For example, if a contestant with a starting strength of 6 was assigned a training box of weight 3,

they would only need to put in a 50% effort to lift the box; consequently, the contestant’s strength

would increase by 0.5. However, if the box is too heavy for them to lift, contestants will give up and

not gain any strength. To ensure that participants understood the task setup, they completed three

practice trials where they observed how a contestant’s strength changed by lifting different boxes.

In each contest, participants had up to three turns to train the contestants. On each turn, they

could choose which agent to train and which training box to assign to them, or they could choose to

not train anyone at all. Participants saw the updated strengths of the contestants after each turn.

After training, participants saw the two contestants attempt to lift the heavy box together; the

contestants were able to do so only if their combined strength was equal to or greater than the

weight of the heavy box. Links to the experiments can be found at https://github.com/yyyxiang/

competence_training.
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Weight:      2          4              6                8

Strength:                     2            8

Contestant A
Strength: 2 

Contestant B
Strength: 8 Weight: 11

Target

Training 
(three rounds)

Starting strengths

Example round of training

Choose up to one contestant

Choose up to one training box Strength: 8
Weight: 4

New strength:
8 + 4/8 = 8 + 0.5 = 8.5

If combined strength ≥ target

Else

Figure 4.1: Example contest in Experiment 1. Participants saw two agents of varying strengths and a target box. They
had three rounds to train the agents. In each round of training, they could either assign a box to an agent or not train
anyone. Agents gained strength equivalent to the level of effort they put forth. After training, agents attempted to lift
the target box together.

4.4.2 Results

Figure 4.2A shows average behavioral data and model predictions in a series of 2-D plots. Each sub-

plot corresponds to a different scenario, and each line shows how both agents’ strength changed,

on average, over the course of training in that scenario; the weaker agent’s strength is plotted on the

x-axis, and the stronger agent’s strength is plotted on the y-axis. Each point in the participants’ re-

sponses (Data) denotes the average strength of the two agents in each round of training. Each point

in the model predictions denotes the weighted average strength calculated from Equation 4.9, using

values of γ fit to individual participants. Because agents’ strengths can only increase or stay the same,

their starting strengths are at the origin of each plot, and points along a line that are farther from
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the origin occurred later in training. The dashed black lines indicate the minimum total strength

required to lift the target box. In other words, agents are strong enough to complete the task once

their combined strength passes the dashed line.

From these plots, we can see that participants’ average responses aligned closely with the predic-

tions of the planning model, and they both have endpoints close to the dashed line; both partici-

pants and the planning model tended to train agents to be just strong enough for the task, weighing

rewards and costs. By contrast, the alternative models failed to capture this pattern: The exploita-

tion model trained the stronger agent as much as possible, the equity model trained the weaker

agent as much as possible, and the learning model trained the two agents for the largest strength

gain possible, all without considering the target weight. The equality model, on the other hand, did

not train agents to be strong enough to lift the box in three out of four scenarios.

To quantitatively assess how well each model captures the data, we computed correlations be-

tween the participant-averaged data and model predictions of agents’ strength at every step of train-

ing. The planning model and the equality model have the highest correlation with the data (Pear-

son’s r = 0.999, p < .0001 for both), followed by the learning model (r = 0.997, p < .0001),

exploitation model (r = 0.992, p < .0001), and equity model (r = 0.983, p < .0001). Note that

these correlation coefficients are all very high because agents’ strength can only increase or stay the

same with training, and because agents’ relative strength does not change much during scenarios,

as the maximum strength increase possible during training is small compared to the difference in

starting strengths between agents. Quantitatively comparing the average model-predicted strengths

obscures differences between our models. Therefore, we deviated from our pre-registered plan and

instead compared individual participants’ training strategies to model predictions using random-

effects Bayesian model selection186. For each participant, we first evaluated the fit of each model us-

ing BIC = k ln(n)−2 ln(L), where k is the number of free parameters, n is the number of scenarios,

and L is the maximized value of the log likelihood. We then approximated the log model evidence
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A

B

Figure 4.2: Experiment 1 results. (A) Data and model predictions of agents’ strength in each round of training. Each sub‐
plot corresponds to one scenario, where the x‐axis shows the weaker agent’s strength, the y‐axis shows the stronger
agent’s strength, and each line traces agents’ average strength in each training trial. The dashed black line marks the
threshold where agents’ combined strength exceeds the target box weight; intuitively, if participants are balancing the
costs and benefits of training, they should train agents until their combined strength reaches this threshold, and no fur‐
ther. Error bars indicate 95% confidence intervals. (B) Individual participants’ training trajectories. Each subplot denotes
a scenario, and each arrow denotes a particular training strategy; the color of the arrow indicates how many participants
adopted this strategy. For simplicity, here we represent each training strategy by showing only agents’ strength before
(origin) and after training (arrowhead). The dashed black line marks the threshold where agents’ combined strength ex‐
ceeds the target box weight.

138



for each participant as−0.5BIC18 and used it to compute the protected exceedance probability

for each model, which can be interpreted as the probability that each model is the most frequently

occurring in the population.

Overall, the planning model has a protected exceedance probability of approximately 1, which

means that the planning model is the most likely model in the population. To compare how well

each model fits individual participants’ responses, Figure 4.3A shows the distribution of model evi-

dences for each model for each participant. The planning model had the highest model evidence. It

is worth noting that Experiment 1 was not originally designed to discriminate between the planning

model and the equality model; we differentiate between them in Experiment 3, below, with four

new scenarios.

A B

C D

Figure 4.3: Distribution of model evidences for each participant (approximated as−0.5BIC) in (A) Experiment 1, (B)
Experiment 2, (C) Experiment 3, and (D) Experiment 4.

Finally, we took a closer look at individual participants’ data (Figure 4.2B). Each arrow corre-
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sponds to a particular training strategy, and the color of the arrow indicates howmany participants

adopted this strategy. For simplicity, here we represent each training strategy by showing only

agents’ strengths before (origin) and after training (arrowhead). Intuitively, diagonal arrows indi-

cate that the participant trained both agents, horizontal arrows indicate training the weaker agent

only, and vertical arrows indicate training the stronger agent only. While some participants trained

agents more than what was necessary for goal achievement—either training both agents in turn

or training a single agent over multiple rounds—overall, we found that the modal trajectories for

all the scenarios show that participants trained either the stronger agent or the weaker agent until

agents’ combined strength reached the threshold for success (indicated by the dashed black line).

Here, three out of four scenarios in Experiment 1 required only one round of training for success.

In Experiment 3, we explored scenarios where three rounds of training are needed.

4.4.3 Discussion

In this experiment, we compared the planning model and four alternative models to participants’

training strategies using random-effects Bayesian model selection. Overall, the planning model is

the closest to the data both qualitatively and quantitatively and occurs the most frequently in the

population.

4.5 Experiment 2

Experiment 1 addressed the question of how people decide which teammembers to train and how

to train them. However, it does not address the problem of whom to recruit to the team in the first

place. This question is important because, in real-world scenarios, a team doesn’t necessarily need

to recruit members who are already capable of a collaborative task to succeed at it; they can also

recruit members who can be trained to be good enough for the task. For example, a company can
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either choose to poach a highly-skilled employee, or hire someone less experienced who will require

training on the job. In Experiment 2, we modified our design to study how training considerations

affect people’s decisions about whom to recruit. Instead of giving participants two agents to train as

in Experiment 1, here we asked participants to first hire two contestants from a pool of candidates

with varying strengths and hiring costs that scale with strength and then train contestants to lift

a heavy box together. We designed three scenarios with varying target box weights to test which

model best predicts which candidates participants tend to hire. Intuitively, the planning model

selects teams based on the target, forming different teams as needed for different scenarios, while

alternative models each tend to select the same teams in all scenarios.

4.5.1 Materials andMethods

Participants

We recruited 100 participants via Amazon’s Mechanical Turk platform (MTurk). Participants re-

ceived a base pay of $1 and a potential bonus payment of up to $6. The bonus payment depended

on which contestants participants selected to train and complete the task, and whether the lift-

ing turned out successful. Specifically, for every successful lift, participants received $2; for every

strength unit they used, $0.02 was deducted from their bonus payment, regardless of the lift out-

come. There were no costs associated with training boxes. The experiment was approved by the

Harvard Institutional Review Board and pre-registered at https://aspredicted.org/6LJ_2D9.

Procedure

The game show consisted of three contests. At the start of each contest, participants were shown

four agents who auditioned to appear in the game show. Each potential contestant had a different

starting strength and cost a different amount of money to hire. Figure 4.4 shows the contestants and
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Figure 4.4: The four candidates in Experiment 2. Hiring costs are proportional to agents’ strength.

the hiring fees; in general, stronger contestants cost more to hire. In each contest, participants chose

two contestants and trained them separately to prepare them to lift a heavy box together. Once the

participants selected two contestants, the training procedure was identical to Experiment 1.

4.5.2 Results

We compared the proportion of participants that chose each team to the model-predicted probabil-

ities of choosing each team. As shown in the first row of Figure 4.5A, participants hired agents who

were either just strong enough for the task (e.g., agents with strengths 8 and 20 for a target of 24)

or that could become strong enough for the task with some training (e.g., agents with strengths 2

and 20 for a target of 24). When both options were available, participants favored the latter—hiring

agents that needed training over agents that did not—to reduce hiring costs. The planning model

(second row) captured these response patterns. Similarly to participants, the planning model bal-

anced the hiring costs against the reward of successful collaborations. Thus, it preferred teams that

would succeed (either with or without training) over teams that would not, and it preferred teams

that were cheaper to recruit among teams that would succeed. The alternative models (last four

rows), on the other hand, did not predict these patterns in the data. Instead, the alternative mod-

els each preferred the same teams in all scenarios, regardless of whether this team composition was

appropriate for the target box weight, and all alternative models had some tendency to hire weaker
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agents to lower hiring costs. This tendency was strongest in the learning model, which selected the

two weakest agents to maximize strength gain, and weakest in the exploitation model, which had

some tendency to hire the strongest agent to maximize the strongest agent’s strength after training.

By contrast, the equity model preferred to hire the single weakest agent to minimize the gap between

the strongest and weakest agents, and the equality model dispreferred hiring the strongest agent due

to hiring costs; however, neither of them had strong preferences among the remaining agents.

To evaluate each model’s quantitative fit to the data, we computed correlations between the data

and model predictions. The planning model has a very strong correlation with the data (Pearson’s

r = 0.951, p < .0001), whereas the alternative models all have weak correlation with the data: the

exploitation model (r = −0.256, p = .31), equity model (r = −0.207, p = .41), learning model

(r = −0.195, p = .44), and equality model (r = −0.218, p = .38).

Consistent with Experiment 1, we also compared each of the models to behavioral data using

random-effects Bayesian model selection. We found that the planning model has a protected ex-

ceedance probability of approximately 1, suggesting that the planning model is the most likely

model in the population. The planning model also had the highest model evidence (Figure 4.3B).

We additionally plotted individual participants’ training trajectories. For every scenario, we

zoomed in on the training trajectories of the modal teams: <2,20> in Scenario 1,<8,40> in Sce-

nario 2, and<20,40> in Scenario 3 (Figure 4.5B). As before, each arrow represents agents’ pre-

training and post-training strength based on a specific training strategy. Diagonal arrows indicate

that the participant trained both agents, horizontal arrows indicate training the weaker agent only,

and vertical arrows indicate training the stronger agent only. The color of each arrow shows the

number of participants who adopted each strategy. We see that the majority of participants trained

only one agent, to the point where agents’ combined strength exceeded the threshold for success

(the dashed black line).

143



A

B

Figure 4.5: Experiment 2 results. (A) Data and model predictions, showing the probability of choosing each team. Each
subplot corresponds to one scenario; the brackets on the x‐axis labels refer to the strength combinations of the two
hired agents. Error bars indicate 95% confidence intervals of proportions. (B) Individual participants’ training trajectories
of the modal teams. Each subplot denotes a scenario, and each arrow denotes a particular training strategy; the color
of the arrow indicates how many participants adopted this strategy. For simplicity, here we represent each training
strategy by showing only agents’ strength before (origin) and after training (arrowhead). The dashed black line marks the
threshold where agents’ combined strength exceeds the target box weight.
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4.5.3 Discussion

In Experiment 2, we extended our task setup and models to the problem of team selection. The

planning model captures participants’ decisions about training and recruitment both qualitatively

and quantitatively, whereas the alternative models deviate from the data substantively. Put together,

these results suggest that people anticipate how their collaborators’ competence will change and

what problems they will face in the future when they decide whom to recruit.

4.6 Experiment 3

To test the generalizability of our findings, in Experiments 3 and 4, participants completed tasks that

had the same underlying structure as Experiments 1 and 2, but were presented in a different context.

Specifically, instead of asking participants to hire and train contestants of different strengths for a

physical task, we asked them to recruit and train students with different math abilities for a math

Olympiad. Though the underlying task structure remains the same, these two contexts differ from

one another in potentially important ways; for example, rather than training contestants in one-

off games, participants in this task assumed the role of an educator, in a context where planning

may be superseded by concerns about allocating training equally or to those who need it the most.

These experiments thus provide a test of whether the cognitive processes that underlie decisions

about recruitment and training apply more broadly to sequential social decision-making situations,

beyond one context. Experiment 3 is a replication of Experiment 1 and Experiment 4 is a replication

of Experiment 2. We included all combinations of starting strengths and target box weights used

in the first two experiments; here, they were reframed as starting math abilities and target problem

difficulties, respectively.

In Experiment 3, to discriminate between the planning model and equality model, we added

four new scenarios (Scenarios 5-8) where more training is required to reach the target, as opposed
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to Scenarios 1-4 (same as Experiment 1) where only a little training is needed. The new scenarios

had the same starting math abilities as the original scenarios, but higher target problem difficulties.

In these scenarios, the planning model predicts that participants will train agents more as the target

increases, whereas alternative models predict the same training strategies despite the target increase.

If participants weigh the costs of training against the benefits of successful collaboration, then we

should expect that they should also train agents differently to achieve different targets.

4.6.1 Materials andMethods

Participants

We recruited 98 participants via Amazon’s Mechanical Turk platform (MTurk). Participants re-

ceived a base pay of $2 and a potential bonus payment of up to $8. The bonus payment depended

on the problem sets participants used to train the student contestants and whether the student con-

testants won. Specifically, for every win, participants received $1; for every difficulty level unit of

the problem sets they used, $0.04 was deducted from their bonus payment, regardless of the con-

test outcome. The experiment was approved by the Harvard Institutional Review Board and pre-

registered at https://aspredicted.org/LJ7_YJD.

Procedure

Participants were instructed to imagine themselves as high school math coaches. Their school was

sending eight different pairs of students to participate in eight different math Olympiads, and the

participants’ job was to train students to prepare them to work out a difficult math problem to-

gether to win the contest. Students can get better at math by completing problem sets; their abilities,

indexed by their “math levels”, increase by the level of effort they put into solving the problem sets,

and a problem set that is too hard for them will not increase their math levels. The training proce-
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dure was the same as in Experiment 1.

4.6.2 Results

Figure 4.6 visualizes the data and model predictions in a series of 2-D plots. Plots on the same row

show scenarios with the same starting math levels but different targets. As in Experiment 1, each

line shows how both agents’ math levels changed, on average, over the course of training; the math

level of the agent who was worse at math is plotted on the x-axis, and the math level of the agent

who was better at math is plotted on the y-axis. Each point in the participants’ responses denotes

the participant-averaged math level of the two agents in every round of training. Each point in the

model predictions denotes the weighted average math level calculated from Equation 4.9 using γ fit

to individual participants. The dashed black lines indicate the minimum total math level required

to win the contest. Participants’ average responses aligned closely with the planning model; both

have endpoints just past the dashed line, indicating that participants tended to train agents to be just

good enough for the task, to maximize rewards and minimize training costs. By contrast, the alterna-

tive models failed to capture this qualitative pattern: The exploitation model trained the agent who

was better at math as much as possible, the equity model trained the agent who was worse at math

as much as possible, and the learning model trained the two agents for the largest possible gain in

math levels. The equality model, on the other hand, did not train agents to be good enough to win

the contest in seven out of eight scenarios. In addition, by horizontally comparing scenarios with the

same starting math levels but different targets, we see that participants adjusted their training deci-

sions when the target changed. The planning model was the only one that captured this pattern; all

alternative models predicted the same training strategies when the target changed.

We computed correlations between the participant-averaged data and model predictions of

agents’ math level at every step of training. The planning model has the highest correlation with

the data (Pearson’s r = 0.999, p < .0001), followed by the equality model (r = 0.998, p < .0001),
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Figure 4.6: Experiment 3 data and model predictions of agents’ math level in every round of training. Each subplot
corresponds to one scenario, where the x‐axis shows the math level of the agent who was worse at math, the y‐axis
shows the math level of the agent who was better at math, and each line traces agents’ average math level in each
training trial. The dashed black line marks the threshold where agents’ combined math level exceeds the target difficulty
level of the contest; intuitively, if participants are balancing the costs and benefits of training, they should train agents
until their combined math level reaches this threshold, and no further. Error bars indicate 95% confidence intervals.
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learning model (r = 0.996, p < .0001), exploitation model (r = 0.992, p < .0001), and equity

model (r = 0.983, p < .0001). Note that all correlations between model predictions and data

are high because agents’ math levels increase monotonically, which obscures differences in how well

each model captures qualitative patterns in the data. Therefore, we conducted a formal model com-

parison using random-effects Bayesian model selection to quantitatively assess how well each model

captures participants’ training strategies. We found that the planning model’s protected exceedance

probability was approximately 1, meaning that the planning model is the most frequently occurring

model in the population. In individual participants, the planning model also had the highest model

evidence (Figure 4.3C). Compared to Experiment 1, here the differences between the evidence for

the planning model and equality model were more pronounced because of the four new scenarios

designed to discriminate between them.

Finally, looking at individual participants’ training trajectories (Figure 4.7), we see that, overall,

the modal trajectories in all the scenarios were to train agents to be just good enough to win. More

specifically, in scenarios where only a little training was required for winning (Scenarios 1-4), par-

ticipants tended to train just one agent, whereas when a lot of training was needed (Scenarios 5-8),

participants tended to either solely train the agent who was worse at math, or to provide training to

both agents.

4.6.3 Discussion

In Experiment 3, we replicated the findings in Experiment 1 and showed that the findings gener-

alized to a new and more education-orientated framing—training students for a math Olympiad.

Each alternative model captures aspects of participants’ responses—e.g., the equality model mirrors

participants’ responses in contexts where only a little training is required—but only the planning

model captures the full pattern of the data.
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Figure 4.7: Experiment 3 individual participants’ training trajectories. Each subplot denotes a scenario, and each arrow
denotes a particular training strategy; the color of the arrow indicates how many participants adopted this strategy. For
simplicity, here we represent each training strategy by showing only agents’ math levels before (origin) and after training
(arrowhead). The dashed black line marks the threshold where agents’ combined math level exceeds the target difficulty
level of the contest.
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4.7 Experiment 4

Experiment 3 successfully replicated the results in Experiment 1 in a new context. In Experiment 4,

we replicated Experiment 2 to ask whether the planning model also captures participants’ decisions

about whom to recruit for math Olympiads.

4.7.1 Materials andMethods

Participants

We recruited 99 participants via Amazon’s Mechanical Turk platform (MTurk). Participants re-

ceived a base pay of $1 and a potential bonus payment of up to $6. The bonus payment depended

on which students participants recruited, and whether training enabled them to win the contest.

Specifically, for every win, participants received $2; for every math level unit in the students they

recruited, $0.02 was deducted from their bonus payment, regardless of the contest outcome. There

were no costs associated with problem sets. The experiment was approved by the Harvard Institu-

tional Review Board and pre-registered at https://aspredicted.org/T6Z_XCD.

Procedure

As in Experiment 3, participants imagined themselves as high school math coaches. Their school

was planning to send pairs of students to participate in different math Olympiad contests; partici-

pants were asked to first recruit two students for each contest among four students who auditioned

to participate, and then train them to prepare them to work out a difficult math problem together.

Each student had a different starting math level and required a different amount of money to re-

cruit. The stimuli and structure of the game were the same as in Experiment 2.
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4.7.2 Results

As in Experiment 2, overall, participants recruited students who were either just good enough for

the contest, or could win the contest with the least training. Among the two options, participants

favored recruiting students who weren’t good enough and training them to win (see the first row

of Figure 4.8A), in order to minimize hiring costs. The planning model was the only model that

captured these patterns (second row); none of the alternative models based their choices on whether

a team would win the contest or not (third to last rows).

Correlation analyses revealed that the planning model has a very strong correlation with the data

(Pearson’s r = 0.974, p < .0001), whereas the alternative models all have weak correlation with the

data (exploitation model: r = −0.289, p = .25; equity model: r = −0.246, p = .32; learning

model: r = −0.234, p = .35; equality model: r = −0.257, p = .30). Random-effects Bayesian

model selection further showed that the planning model has a protected exceedance probability of

approximately 1, suggesting that the planning model is the most likely model in the population.

The planning model also had the highest model evidence (see Figure 4.3D).

Zooming in on individual participants’ training trajectories of the modal teams (<2,20> in Sce-

nario 1,<8,40> in Scenario 2, and<20,40> in Scenario 3 (Figure 4.8B), we see that the majority

of participants trained the agent who was worse at math exclusively, and just enough to win the

contest.

4.7.3 Discussion

Experiment 4 replicated Experiment 2 in a new context where participants recruited and trained

students for a math Olympiad. As in Experiment 2, the planning model captures participants’ deci-

sions about training and recruitment both qualitatively and quantitatively, but none of the alterna-

tive models does. These results suggest that the cognitive processes we uncover apply more broadly
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A

B

Figure 4.8: Experiment 4 results. (A) Data and model predictions, showing the probability of choosing each team. Each
subplot corresponds to one scenario; the brackets on the x‐axis labels refer to the math levels of the two recruited
students. Error bars indicate 95% confidence intervals of proportions. (B) Individual participants’ training trajectories
of the modal teams. Each subplot denotes a scenario, and each arrow denotes a particular training strategy; the color
of the arrow indicates how many participants adopted this strategy. For simplicity, here we represent each training
strategy by showing only agents’ math levels before (origin) and after training (arrowhead). The dashed black line marks
the threshold where agents’ combined math level exceeds the target difficulty level of the contest.
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to sequential social decision-making situations, beyond the context of hiring and training workers.

4.8 General discussion

Members of a collaboration often gain and hone their skills over the course of collaborative tasks—

for example, a student may become a stronger writer while drafting a manuscript, or an employee

may learn to carry out her tasks more effectively on the job. However, little is known about how

people account for this plasticity in collaborative decision-making. In the current work, we con-

ducted four experiments to investigate how people decide which teammembers to train and how to

train them (Experiments 1 and 3), and whom to recruit to a team (Experiments 2 and 4). We com-

pared a planning model that anticipates how agents’ competence will change through training to

four alternative models that do not plan ahead: an exploitation model, an equity model, a learning

model, and an equality model. By comparing human judgments to model predictions, we found

that the planning model is the only model that captures the qualitative patterns in participants’

responses and provides the best quantitative fit overall. These findings were consistent in both a

physical task where contestants lifted a box together and an educational task where students solved

a math problem together, demonstrating that the cognitive processes we uncover apply broadly to

sequential social decision-making situations. Our results suggest that, in collaborations, people do

not solely recruit the most competent agents for the job, nor do they invest solely in training while

losing sight of the goal; instead, people plan ways to optimize training in the service of collaboration,

maximizing the benefits to collaborators while minimizing the costs of training.

Though the alternative models performed worse than the planning model in our study, there are

scenarios where the planning model makes predictions similar to the alternative models, and the

heuristics of these alternative models can serve as valid shortcuts to the decision problem. For ex-

ample, when the time horizon is very short, people might simply pick the more competent agents
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since there is less payoff for skill development through training. In the face of a difficult task, people

might opt for maximizing total improvement. And when a task requires that each teammember

execute an individual subtask, people might prioritize training the less competent agents. These

heuristics may also be a reasonable way of hedging one’s bets when it is difficult to anticipate ex-

actly to what degree a person’s competence will improve with training, or the exact difficulty of the

problems that they will face in the future. However, even if these heuristics may explain how people

make decisions about training within particular contexts, they do not explain why specific heuris-

tics are appropriate within specific scenarios. By contrast, the planning model captures variability in

participants’ decisions across different training contexts. Thus, it is possible that the planning model

provides a theoretical framework to understand the variability in training strategies across different,

idealized scenarios. Future work needs to be done to understand how these planning models fare

under uncertainty, and to develop process models that approximate planning over longer-running

collaborations with larger action spaces.

Understanding variability in training strategies sheds light on the relationship between teaching

and collaboration. Teaching is often defined as a modification in a teacher’s behavior that enables a

learner to acquire a skill or knowledge more rapidly than they would on their own, at a cost or for

no immediate benefit to the teacher34. While this definition helps to distinguish teaching from in-

strumental behavior, what it misses is that the two are often intertwined: Humans often pass on

skills through collaborative relationships that also benefit the mentor, such as guilds, apprentice-

ships, and job training. The current work therefore motivates new questions about how teachers

and learners who are enmeshed in collaborative relationships balance the pedagogical benefits to a

learner against the constraints and costs of the collaborative task. Viewed in the context of this work,

by assigning tasks to the most competent agent, the exploitation model prioritizes meeting the de-

mands of the collaborative task without considering who needs training, whereas the equity model

and the learning model focus solely on the benefits of training and ignores the demands of the task.
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Moving forward, how the nature of the collaborative relationship—such as the size of the collabora-

tive group, or the time horizon of the collaboration—affect the degree to which we invest in training

collaborators, and how these additional, instrumental concerns affect decisions about who and what

is most helpful to teach, remain open questions for future research.

Our framework used a simple setting to study questions related to training and competence.

However, it can be straightforwardly extended to address more complex settings. In our setup, team

members had only one task to complete, whereas, in multi-task collaborative settings, teammembers

typically have to complete a variety of tasks. For example, a research group often works on multi-

ple different projects simultaneously and, within each project, there are usually a myriad of tasks to

complete, such as devising theories, running experiments, analyzing data, and writing up the find-

ings. Therefore, good teams need to possess some degree of versatility, which may either be from

each individual being able to fit multiple roles or from building up a diverse team where different

people can satisfy the demands of different tasks. Besides being versatile, realistic settings also re-

quire that teams be robust to turnover. Our design did not include attrition, but in reality, team

members might drop out at any time—for example, a researcher might leave the group, and some-

one else on the teammight need to pick up where she left off. It is thus important to train people

with skills that are generally adaptive, rather than just the ability to do one thing. Further work is

needed to understand how teams figure out the optimal degree of specialization.

Another limitation is that we made improvements in competence directly observable and quan-

tifiable. These assumptions serve their purpose in our study, but realistic settings are more com-

plex. For example, completing a project won’t make a researcher look evidently more knowledgeable

right away, and the researcher herself might find it difficult to tell exactly howmany research skills

she gained over the past year. In addition, we simplified how training changes competence by only

considering increases in competence and assuming that competence increases by the level of effort

people put forth in training. In the real world, people’s performance may also decrease as a function
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of fatigue and boredom, and the relationship between effort and subsequent improvements is more

complex and can vary from skill to skill.

An open question for future work is how well these findings scale in more realistic conditions.

One intriguing direction is to incorporate collaborators’ theory of mind into the models e.g., 267.

We deliberately simplified the theory of mind requirements in our task so that we could focus on

understanding how people use their intuitive theory of mind to guide training decisions. However,

it leaves open the question of whether and how participants take into consideration their collabo-

rators’ beliefs and desires when making hiring and training decisions. For example, people differ in

their willingness to exert effort, and if we allow that to vary in Experiment 3, we might expect stu-

dents of the same math level to benefit from the same problem set differently depending on how

diligent they are. Another possible extension of this work is to apply the same task structure to hir-

ing and training real people. Our task used artificial agents; this allowed us to study the plasticity

of competence in a tightly controlled experimental context, where changes in competence happen

in a matter of seconds right after an action, are directly visible, and can be accurately anticipated.

Even though we made an effort to simulate the experience of collaborating with real people (e.g.,

by framing agents as contestants in a game show or students in a math Olympiad), and our previ-

ous work267,266 and many studies in the field e.g., 9,229,75,114,236,145 have demonstrated that adults,

children, and even infants are capable of viewing artificial agents as humans, it is possible that par-

ticipants might weigh their own payoffs and other factors differently, such as caring more about

collaborators’ learning, or about bridging the competence gap between them. Because improving

competence takes time, multiple rounds of evident improvement might not be feasible in lab experi-

ments; researchers may need to resort to large-scale long-term observational studies, such as tracking

the training decisions of a company or a sports team.

Here, we present a planning model of collaboration that makes decisions about whom to recruit

and how to train them by anticipating how collaborators’ competence will change and what prob-
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lems they’ll face in the future. This work provides a first step towards understanding how humans

facilitate and invest in other people’s learning in a wide range of collaborative relationships, e.g., as

pupils, apprentices, and trainees.
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5
Discussion

In this chapter, I discuss how the Collaborative Utility Calculus connects with group-level pro-

cesses, its implications for classic questions that cut across areas of cognitive science and computer

science, and open questions for future research.

5.1 Relation to group-level processes

The Collaborative Utility Calculus is an individual-level account of collaboration: it specifies how

individuals represent costs, rewards, competence, and effort when collaborating with others. Col-

laboration has also been studied at broader levels of analysis, including dyads195,127,24,156,8, small

groups133,3,15,257, and even joint actions spread over massive networks such as care teams55, ship
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crews108, intelligence networks90, and self-governing online communities172,238. Scaling up individual-

level theories of collaboration to groups introduces new challenges, including understanding how

collaborators align on shared representations and what institutional and social tools they have avail-

able to maintain motivation among the group. In this section, I situate the Collaborative Utility

Calculus within this problem space, clarifying how characterizing individual-level cognitive mecha-

nisms may provide new ways to understand and intervene on group-level behaviors.

5.1.1 Understanding social motivations to collaborate

Why do people commit to collaborative goals in the first place? Many collaborative activities cannot

be explained solely in terms of immediate instrumental benefits to all participants. Individuals often

collaborate when acting alone is more effective to achieve the goal49, and even young children expect

agents to collaborate in situations where the same outcome could be achieved by themselves with

less costs241. These patterns raise a foundational puzzle: What motivates people to work together,

even when collaboration does not bring additional benefits to the individual or entails additional

costs?

One influential answer comes from social economics, which argues that individuals’ preferences

extend beyond their own material payoffs: people may also derive utility from others’ welfare36,

from fair distributions of payoffs59, or from the reputational benefits of cooperation170. By incor-

porating these social concerns directly into the utility function59,20,62,36, seemingly altruistic collab-

oration can remain instrumentally rational: individuals collaborate because doing so maximizes a

broader conception of utility that includes social goals.

The Collaborative Utility Calculus takes a different approach by endogenizing certain forms

of social information. For example, rather than adding a term for other-regarding preference in

individual utility functions, the framework shows how this preference can arise frommaximizing

one’s immediate benefits in an interdependent setting, where success requires everyone to pull their
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weight. Beyond describing social concerns by adding new preference parameters, this approach

provides a mechanistic explanation for how certain cooperative behaviors emerge from individual

social reasoning.

5.1.2 Coordinating joint actions

How do individuals coordinate their actions in real time to achieve shared goals? Even in simple

dyadic tasks—lifting a couch, dancing a waltz, passing a basketball—successful collaboration re-

quires partners to anticipate one another, align their behaviors, and adjust dynamically as circum-

stances change. A large body of research on joint action has shown that collaborators form shared

representations of the task and of each other240,127, and use these representations to infer joint

commitments158 and predict upcoming actions196,195. This line of work identifies a core princi-

ple of shared action plans: they tend to minimize collective costs, reflecting sensitivity to joint effi-

ciency225,226,155.

While this literature provides a rich characterization of the structure and dynamics of coordi-

nated behavior, it does not fully explain how individual agents arrive at a shared action plan, partic-

ularly when costs differ across collaborators. What internal trade-offs are evaluated when deciding

howmuch effort to exert? How do differences in competence or willingness to bear costs shape the

division of labor? The Collaborative Utility Calculus complements joint action research by specify-

ing how individuals represent costs, rewards, competence, and effort within a unified utility-based

framework. In doing so, it highlights that the best solution for a team depends on how costly a given

action is for each collaborator. These asymmetries can be built into real-time coordination tasks to

better understand how people divide work when they differ in ability or in howmuch effort they

are willing to contribute.
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5.1.3 Embedding collaborationwithin cultural and institutional struc-

tures

In recent years, humans have been able to collaborate at a scale that is unprecedented in our evo-

lutionary history. We can now pursue projects that span decades and involve thousands of collab-

orators spread all over the world. For example, the ATLAS collaboration—a large particle physics

project at CERN involved in the discovery of the Higgs boson—involves more than 5000 researchers

worldwide supported by massive technological and institutional infrastructure42. These large-scale

collaborations have been uniquely enabled by both technological innovations that facilitate com-

munication and by institutional innovations to fairly distribute tasks, decisions, and credit among

the group. Yet collaborating at this grand scale is not trivial. For every success story enabled by these

technological and institutional structures, there are also untold numbers of teams floundering un-

der unclear direction, clashing priorities, and ineffective communication. What makes large-scale

collaborations possible, and why do they sometimes fail?

One influential approach to this question treats collaboration as a distributed cognitive system

embedded in cultural and institutional structures. Theories in distributed cognition and team cog-

nition argue that collaborations include not just the minds of individual collaborators, but also

structural supports external to individual minds—such as institutional roles, routines, and mate-

rial artifacts107,108,60,248,211,46,45. Hutchins’s (1995) ethnography of Navy ship navigation provides

a canonical example: the computational problem of navigation is solved by combining the efforts

of individual crew members with a suite of navigational tools and communication protocols. No

single crew member represents “the whole plan” in their mind. In this sense, teams can function as

cognitive systems whose operations emerge from structured interaction rather than from central-

ized planning in any one individual. More broadly, distributing cognition across individuals and

across generations also allows for rapid and transformative cultural evolution. The body of cultural
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knowledge is too vast for any single individual to possess61, and technology can be too complex for

individuals to operate on their own164. By dividing the cognitive labor, each individual only needs

to learn a subset of knowledge or skills and can act as a node in a vast distributed system that enables

collaborations at scale234.

The Collaborative Utility Calculus complements these system-level accounts by specifying the

individual-level reasoning that operates within such structures. It helps explain why even collabora-

tors embedded in the same institutional structure may behave differently due to differences in their

abilities or costs. For example, two sailors occupying the same monitoring role may adopt different

reporting thresholds depending on differences in expertise, fatigue, or incentives from their supervi-

sor. Distributed cognition frameworks describe how roles and artifacts structure coordination, but

they typically do not model how asymmetric costs translate into individual effort allocation or deci-

sion thresholds. The Collaborative Utility Calculus helps fill this gap by modeling how individuals

reason about costs within these larger structures.

5.2 Implications

So far, I have shown that the Collaborative Utility Calculus expands the expressive power of Bayesian

mentalizing models to capture a wide range of decisions that are central to collaboration, such as al-

locating effort, building a team, and investing in training teammembers. The modeling framework

grounds collaboration in basic mechanisms of human social cognition, and is thus compatible with

emerging work in computational cognitive science and cognitive development. In this section, I ex-

amine the developmental origins of these cognitive capacities, their implications for pedagogy and

communication, and their role in supporting large-scale collaborations. I conclude by considering

how the Collaborative Utility Calculus may provide a principled basis for comparison between hu-

man collaborations and emergent behaviors in artificial systems.
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5.2.1 Developmental Emergence of the Collaborative Utility Calculus

The Collaborative Utility Calculus builds on three key ingredients that emerge early in develop-

ment: an understanding of action efficiency, a motivation to act prosocially and jointly with oth-

ers, and the ability to reason about one’s own and others’ competence. I trace how each of these

components develops during infancy and early childhood to form the foundation for collaborative

decision-making.

The first key ingredient is an early-emerging understanding of action efficiency—the expectation

that agents minimize the costs they incur to achieve their goals. This principle is foundational to

the Collaborative Utility Calculus, which assumes that agents weigh effort costs against rewards to

make decisions. To support this reasoning, infants must first learn to interpret others’ actions not

just as movements, but as goal-directed behaviors. By 9 months, infants interpret others’ actions

as goal-directed: for example, they understand that an experimenter reaching for a toy intends to

grab that toy—rather than to reach for that location—and are surprised when the experimenter

continues reaching towards that location after the toy is moved. This suggests that they understand

the experimenter’s action as directed toward a specific goal object rather than a spatial location255.

This understanding is accompanied by expectations about how rational agents should act. Infants as

young as 12 months expect agents to take efficient paths to a goal. They are not surprised when an

agent hops over a wall to get to a goal but are surprised when the agent makes unnecessary detours,

such as hopping over a clear path (teleological stance63).

This understanding of action efficiency depends on infants representing other minds and bodies

interacting with the physical world. That is, infants interpret actions as a product of an agent’s in-

ternal properties (e.g., their intent) and external constraints (e.g., the location of the goal)144. This

understanding is supported by two key insights. The first is an understanding of the physical de-

mands of goal-directed action. Past work has found that training 3-month-old, prereaching infants
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to grab objects with “sticky mittens” enables them to better recognize when other people use ineffi-

cient means to reach for an object, compared to infants who do not have this early training209,204,66.

The second is an early-emerging understanding of people as causal agents. Prereaching infants are

surprised when someone uses inefficient means to light up a toy—which causes a visible change—

but not when they use inefficient means to simply lift the toy without changing its state143.

By the end of the first year, infants can flexibly apply this understanding of action efficiency to

predict howmuch effort an agent will exert to achieve a goal, and conversely, to infer howmuch

an agent values a goal based on the costs they are willing to incur146. These inferences indicate that

infants do not simply learn statistical associations between actions and outcomes; rather, they form

a generative model of agents as intentional actors. This capacity is foundational to the Collabo-

rative Utility Calculus, which posits that effort is not a generic cost, but rather emerges from the

interaction between internal properties and external constraints. The early emergence of this gener-

ative model suggests that, from infancy, children are equipped to use effort as a window into others’

minds.

The second ingredient is a basic set of capacities and motivations that support collaborative ac-

tion. The first is an early-emerging motivation to help: toddlers will help others achieve their goals,

even when they receive no immediate benefit and the person helped is a stranger246 (but see47). The

second is shared intentionality, a motivation to follow through on shared goals—instead of viewing

others as tools for achieving their own goals, children commit to a joint activity and view themselves

and their partners as bound by an obligation to complete it222. When this obligation is not met—

for example, when a collaborator stops participating—toddlers make attempts to re-engage them246.

Third, children grasp the interdependent nature of collaborative tasks: they understand that one

person’s contribution depends on what another person does97 or can do245, and that success often

requires coordination between the two parties27. Together, these capacities create the foundation

for the Collaborative Utility Calculus, enabling children to move beyond individual goal pursuit
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toward coordinated action with others.

The third ingredient is the ability to reason about one’s own and others’ competence. While

infants show early sensitivity to action costs, reasoning about competence seems to emerge later

in childhood. 4- and 5-year-olds understand that a person is more competent than their partner

if they complete the same task faster, or complete a more difficult task within the same time136.

By age 5, children begin dividing physical and cognitive labor strategically, assigning easier tasks

to less competent partners and harder tasks to more competent partners153,7. Younger children

struggle with these judgments7, suggesting that this ability requires more advanced social-cognitive

reasoning. The ability to assess differences in competence and divide labor accordingly represents an

important step towards the Collaborative Utility Calculus, which depends on understanding both

individual abilities and how to combine them effectively.

The Collaborative Utility Calculus adds a crucial fourth ingredient: an understanding of effort

in relation to one’s competence. While past developmental studies have largely examined the two

separately, with effort often treated as a general cost term, the Collaborative Utility Calculus high-

lights the need for a richer account. It explains why individuals with similar competences may con-

tribute very different amounts of work—due to differences in their willingness to exert effort—and

how effort is redistributed across teammembers. Thus, a promising direction for future research

is to investigate how children come to represent competence and effort as distinct but interacting

components, and how they use these representations to guide collaborative decisions.

5.2.2 Pedagogy, communication, pragmatics

As we have seen, the Collaborative Utility Calculus captures how people incentivize collaborators to

exert effort and train them to accomplish goals just beyond their current capabilities. These proper-

ties have important implications for understanding how people teach and acquire complex skills in

collaborative relationships—such as between advisor and student, or artisan and apprentice—and
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thus have the potential to enrich existing theories of pedagogy and communication.

Bayesian models of cooperative communication formalize pedagogy as a series of recursive in-

ferences between a teacher and learner. A key implication of this principle is that the cognitive

processes underlying teaching and social learning are two sides of the same coin88: The teacher (or

speaker) selects information to maximize the learner’s belief in a target hypothesis, while the learner

(or listener) interprets the information to infer the target hypothesis. This process can be described

using mathematical theories of optimal transport, where the goal of communication is to efficiently

transfer beliefs into the listener’s mind while minimizing costs of providing information244,201.

This principle explains an impressive range of communicative behaviors. Consistent with this

framework, teachers strategically select information that is tailored to the learner’s beliefs and goals38,200,233,

while learners can actively draw inferences that go beyond what teachers explicitly demonstrate21

to evaluate whether teachers are reliable, knowledgeable, and engaged199,208,12. These teaching

and learning behaviors emerge across a variety of modalities, including learning from examples200,

demonstrations105, advice235, and verbal descriptions214. In the domain of language, this principle

is related to the rational speech act model82,51, a theoretical framework that explains many instances

of flexible language use, including hyperbole, generics, and polite speech270,218,120.

Incorporating representations of competence and effort into Bayesian models of communica-

tion and pedagogy opens the door to addressing deeper puzzles about how we teach and commu-

nicate. Prior empirical work suggests that even young children can identify competent individuals.

Preschoolers selectively learn from reliable teachers and understand that competence is context-

specific128,208. For example, they recognize that other children can be better informants than adults

about which toys are most fun231, and that people who are experts in one domain might not be ex-

perts in another152,122. Yet, to date, little work has considered how competence changes over the

course of teaching, or how competence and effort interact. Communicating with someone who is

highly competent but disengaged, or highly motivated but incompetent, calls for different strategies,
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yet current models rarely distinguish between these cases (but see12. In addition to addressing these

moment-to-moment challenges, the Collaborative Utility Calculus offers an account of how hu-

mans develop and nurture each others’ competence through long apprenticeships or mentorships—

for example, deciding what to teach by considering not only how to convey the most information at

the moment, but also anticipating how a learner’s competence might evolve with practice, and what

kinds of challenges are appropriate at different stages263,38,92.

5.2.3 Large-scale collaborations

The Collaborative Utility Calculus relies on individuals reasoning about others’ mental states and

abilities. But in large-scale collaborations, these processes—reasoning about what each of our collab-

orators thinks, and what they think other collaborators think—can quickly become computation-

ally intractable. How do these individual-level principles scale up to reasoning about many minds

over an extended collaboration?

This problem is particularly salient in larger collaborations. Suppose that you are a theorist col-

laborating with a molecular biology lab that runs experiments. Tracking the mental state of each

biologist individually may quickly become intractable. One way to simplify the process of reason-

ing about other minds is to abstract away from individuals and to treat whole groups as a single

entity. You can represent the biology lab as an abstracted “mind” that can think, have intentions,

and make plans247,126,212, or you can represent lab members’ mental states in terms of their insti-

tutional roles112. Another way to simplify this process is to constrain whom you reason about,

and how deeply to think. You can structure the biology lab into sub-teams to limit the number of

collaborators you need to represent64, or selectively engage in recursive reasoning only when neces-

sary168,37,258. Each of these strategies reduces cognitive load, but at the cost of potentially overlook-

ing important information within the group.

To understand how individuals shift between these shortcuts and the more costly recursive rea-
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soning in large-scale collaboration, new methodological approaches are required. Currently, it is

difficult to create large-scale social groups in traditional laboratory experiments, or test theories

of large-scale social phenomena against real-world data. Recent advances have introduced tools to

study collaborations at an unprecedented scale, allowing researchers to explore how humans adapt

to work together effectively in larger groups. In one study, researchers analyzed data frommore than

20,000 players in One Hour One Life—a multiplayer online game where players build communities

and develop technologies238. They found that the composition of communities was closely tied to

their growth and decline, and that communities that balanced between maintaining and develop-

ing technologies tended to thrive. These findings open the door to understanding the strengths and

weaknesses of different team structures, and using new approaches such as multiplayer online games

as testbeds for theories of large-scale social dynamics.

The challenges of scaling collaboration are not limited to human teams. They also arise in human-

AI and multi-agent artificial systems, where coordination must occur among agents with varying

capabilities and access to information. The Collaborative Utility Calculus offers a benchmark for

evaluating whether these systems behave like human teams: it predicts how agents with different

capabilities should collaborate and distribute tasks based on inferred utility. This would allow for

testing whether multi-agent artificial systems truly replicate the principles underlying human collab-

oration159,160—or merely reproduce superficial patterns (e.g.,262,16). Conversely, multi-agent sys-

tems also offer a powerful theoretical tool for cognitive science. By engineering artificial agents with

systematically varied cognitive constraints—such as limited planning horizons or restricted access

to others’ internal states—we can simulate the downstream consequences of individual limitations

on group behavior. Multi-agent systems also allow us to examine the extent to which large-scale col-

laboration can emerge purely from simple task constraints (as in many multi-agent reinforcement

learning systems), versus requiring the rich social reasoning instantiated in the Collaborative Utility

Calculus. In this way, multi-agent systems are not only beneficiaries of cognitive theories, but also
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experimental platforms for testing and refining them.

5.3 Concluding Remarks

Collaboration is a fundamental part of human life. Efforts to understand how humans collabo-

rate have spanned decades and disciplines. Philosophical theories define the essential features that

distinguish individual actions from truly collaborative activities. Evolutionary theories illuminate

how collaboration can emerge and persist as a stable population-level adaptation to enhance group

survival and success. Economic theories formalize the incentive structures that enable cooperation

among self-interested agents. Existing psychological theories explore the cognitive mechanisms that

allow individuals to infer how individuals think and act. Each of these literatures has made impor-

tant contributions to a different piece of collaboration. What remains missing is a framework that

connects these pieces.

Here, I propose the Collaborative Utility Calculus, a framework that explains how reasoning

about other minds enables humans to collaborate. According to this framework, humans have an

intuitive theory of competence and effort, which they knit together with their intuitive theory of

belief-desire reasoning to make joint inferences and plan joint actions. I reviewed the empirical evi-

dence supporting this framework throughout the cognitive sciences and discussed its broad implica-

tions for cognitive science, particularly in understanding how the cognitive capacities that support

collaboration emerge over development, how they shape pedagogy and communication, and how

they may scale to support large-scale collaborations in both human and artificial systems.

The framework rests on the premise that people have some information about their collabora-

tors’ competence and mental states. When this assumption holds, I have found that people are capa-

ble of making flexible inferences about others’ competence and effort fromminimal observations.

Yet, when it does not hold, the Collaborative Utility Calculus may also be applied to understand
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how and why collaborations break down. It remains an open question how people acquire this in-

formation when it is impossible to observe others’ contributions directly, as in cross-continental

scientific collaborations, or when this information may be less reliable, as when collaborators lie

about their ability or effort or strategically mislead others’ inferences264. Under these conditions of

ambiguity, people may also use simpler heuristics instead81—such as assuming that more confident

individuals are more competent, or relying on past roles as a proxy for current ability—which may

circumvent the need for directly inferring these variables and require fewer computational resources.

The Collaborative Utility Calculus can serve as a benchmark to understand when certain heuristics

are appropriate and what they may miss in more natural, ambiguous settings—for example, when

changes in a person’s competence are difficult to observe directly.

Rather than looking at these inferences at a single timepoint, another fruitful direction for fu-

ture work is to consider how they evolve over the course of real-time social interaction. In dynamic

collaborations, people often signal their intentions through action—by taking paths that are most

direct to their goals10 or unambiguous in context39. Observers use these cues, along with environ-

mental constraints, to infer what others are capable of doing and what they are trying to do260.

Using these cues, people can coordinate effectively even without explicit communication: In real-

time collaborative games, individuals converge on joint goals by tracking one another’s actions217,33

and can predict future locations even when partners briefly disappear269. Over time, partners can

self-organize into stable, complementary roles, even when they cannot directly observe each other’s

actions80. Modeling these interactions through the lens of the Collaborative Utility Calculus may

help reveal how beliefs about others’ competence and effort are updated iteratively, as people ob-

serve and act with one another in real time.

The Collaborative Utility Calculus focuses on the cognitive mechanisms that support collabora-

tion at the individual level—how people represent their own and other people’s competence, effort,

and mental states to plan joint actions. Complementary traditions in psychological game theory
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highlight several principles that facilitate coordination at the group level. These include common

knowledge, a shared understanding of what all parties know219; salience, the use of unique “focal

points” to guide convergence on a single solution without explicit communication193; and group

identification, the tendency to treat the group’s success as a shared payoff44. Integrating these prin-

ciples with the Collaborative Utility Calculus may yield a richer account of how humans navigate

the challenges of collaboration under cognitive constraints. For example, common knowledge may

help prevent runaway recursive reasoning about effort, while salience can reduce coordination fail-

ures by allowing collaborators to align quickly on the same plan.

Collaboration has long been seen as a hallmark of human intelligence—what separates us from

other species and enables achievements that no individual could accomplish alone99. Today, collab-

oration is changing rapidly: People now work in large teams on a global scale, and artificial systems

have the potential to transform how we work together. As the ways we collaborate evolve, so must

our theories. The Collaborative Utility Calculus opens up new avenues for understanding the cog-

nitive tools we have at our disposal to navigate this shifting landscape, and how we can better tailor

collaborations to the strengths and limitations of the human mind.
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A.1 A safe joint effort model

Recall that in the joint effort model, the lift outcome is determined by each agent’s effort, strength,

and the box weight:

L = I[
∑

a EaSa ≥ W], (A.1)

where a indexes agents. To explore the hypothesis that people hedge their predictions, we create a

safe joint effort model, where we add a hindrance factorH to Equation A.1:

L̃ = I[
∑

a EaSa ≥ (W+H)]. (A.2)

The hindrance factorH is defined as:

H = k ·
∑
a
(1− Ea), (A.3)

where k ≥ 0 is a scaling parameter.

The optimal effort is thus given by:

E∗ = argmax
E

R · P(L̃ = 1|E,W)− C(E), (A.4)

where E = [e1, . . . , en] is the vector of efforts for n agents and C(E) is the cost function:

C(E) =
∑
a

αaEa + βG(E), (A.5)

where β ≥ 0 is a scaling parameter andG(E) is the Gini coefficient, defined as half of the relative

mean absolute difference in effort. In the next section, we contrast the predictions of the safe joint
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effort model (k set to 3.5), the joint effort model, the joint effort model without the Gini coefficient,

and behavioral data.
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A.2 Variations of the joint effort model
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Figure A.1: (A) Predictions of contestants’ strength in Experiment 1. (B) Predictions of contestants’ effort in Experiment
1. Effort judgments were not elicited when the lift outcome was Fail. (C) Predictions of the lift probability in Round 3 of
Experiment 1. Model simulations averaged over 10 runs. Error bars indicate bootstrapped 95% confidence intervals.

176



r = 0.91

r = 0.96

r = 0.9

Safe joint

Joint w/o Gini

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

D
at

a
Joint

0 25 50 75 100

Probability (%)

r = 0.91

r = 0.58

r = 0.85

Safe joint

Joint w/o Gini

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

Joint

0 25 50 75 100
Model

Effort (%)

r = 0.98

r = 0.98

r = 0.98

Safe joint

Joint w/o Gini

1.0

2.5

5.0

7.5

10.0

1.0

2.5

5.0

7.5

10.0

1.0

2.5

5.0

7.5

10.0

Joint

1.0 2.5 5.0 7.5 10.0

Round 1

Round 2

Round 3

Strength

Figure A.2: Comparing model predictions to behavioral data across predictions of lift probability, effort, and strength in
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each subplot. Error bars indicate 95% normal confidence intervals.
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A.3 Including Gini coefficient in all models
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Figure A.6: (A) Predictions of contestants’ strength in Experiment 1. (B) Predictions of contestants’ effort in Experiment
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A.4 Experiment instructions

A.4.1 Experiment 1

Welcome!

In this experiment, you will watch a game show called Lift That Box! and answer some questions.

The game show consists of different contests between different pairs of contestants.

In each contest, the contestants will be given three attempts to lift a box.

We will show you whether they succeeded in lifting the box after each attempt.

In the final round of each contest, the two contestants will try to lift the box together.

Page Break

The weight of the box is always the same, across all rounds and contests.

To give you an idea of how heavy the box is:

Suppose we rated the weights of objects on a scale of 1 to 10, where 1 is a weight so light that

virtually anyone can lift it, and 10 is a weight so heavy that only the strongest humans can lift it.

We loaded the box so that it would measure a 5 on this scale.

In other words: An average person (strength 5) should be able to lift the box if they put in an all-out,

100% effort, and an extremely strong person (strength 10) should be able to lift the box with only a

moderate, 50% effort.
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Page Break

Contestants can win $10 or $20 for lifting the box, as indicated on the box.

In the final round, if they lift the box together, each of them gets the prize money shown on the

box.

The prizes change from round to round, but the box doesn’t change.

Page Break

You will predict how likely the contestants are to lift the box, observe the actual outcome, and

answer questions regarding their strength and effort.

When making your guesses, you will see a table of all the previous outcomes.

By the end of the game, we will randomly pick a round to calculate your bonus.

If the outcome on that round is Lift, then your bonus will be the probability of lifting that you

guessed.

If the outcome on that round is Fail, then your bonus will be 1 minus the probability of lifting that

you guessed.
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Page Break

Keep in mind that some people are stronger and some are weaker.

Even two contestants with the same strength may have different outcomes (some people are lazier

and need higher reward to do the same thing!).

The contestants know very well their own strength and the other contestant’s strength.

They also know how heavy the box is.

Page Break

Also remember that the box is always the same.

Different pairs of contestants will come in to lift the box; each pair will play the game for three

consecutive rounds.

If the contestant does not feel the prize is worth their effort, they might not lift the box even

if they are strong enough to do so.

Note that effort is costly; If the contestant can lift the box with 50% effort, they would not

exert more effort than needed.
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A.4.2 Experiment 2

Welcome!

In this experiment, you will watch a game show called Lift That Box! and answer some questions.

The game show consists of different contests between different teams of contestants.

We will change all of the contestants at the end of each contest.

In each round of the contest, two contestants will be given an attempt to lift a box together.

Page Break

The weight of the box is always the same, across all rounds and contests.

To give you an idea of how heavy the box is:

Suppose we rated the weights of objects on a scale of 1 to 10, where 1 is a weight so light that

virtually anyone can lift it, and 10 is a weight so heavy that only the strongest humans can lift it.

We loaded the box so that it would measure a 5 on this scale.

In other words: An average person (strength 5) should be able to lift the box if they put in an all-out,

100% effort, and an extremely strong person (strength 10) should be able to lift the box with only a

moderate, 50% effort.

Page Break

Contestants can win a certain amount of prize money as an incentive for lifting the box.

We will tell you the minimum incentive that each contestant would accept to lift the box alone.

Your job is to decide howmuch incentive you would like to provide each pair of contestants to lift

the box together.

If they lift the box together, each contestant gets the incentive you provide.
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For example, if you provide an incentive of $50, then each contestant will get $50 if they lift the box

together.

No matter how the prizes change, the box is always the same.

Page Break

For every successful lift, you will get a bonus of $0.4.

For every dollar of incentive you give, $0.002 will be deducted from your bonus payment, regardless

of whether the result is Lift or Fail.

Suppose you provide $50 for each contestant to lift a box.

If they succeed, then your bonus payment increases by $0.4-50x$0.002 = $0.3.

If they fail, you lose 50x$0.002 = $0.1.

Your total bonus payment can go up to $6, and will also not be less than $0.

You will see whether the contestants lift the box or not with the incentive you gave by the end of

each contest.

Page Break

Keep in mind that some people are stronger and some are weaker.

The box is always the same, its weight equivalent to strength of 5.

The contestants know very well their own strength and the other contestant’s strength.

They also know how heavy the box is.

Page Break

Also remember that the more effort a contestant needs to lift the box, the higher the incentive they

will require.

In other words, stronger contestants can lift the box with less effort, therefore they require lower

incentives.

Note that effort is costly; If the contestant does not feel the prize is worth their effort, they might

not lift the box even if they are strong enough
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A.4.3 Experiment 3

Welcome!

In this experiment, you will watch a game show called Lift That Box! and answer some questions.

The game show consists of different contests between different teams of contestants.

There are three different contestants altogether.

In each contest, two of the three contestants will be given an attempt to lift a box together.

We will change the box at the end of each contest.

Page Break

The weight of the box is converted onto the same scale as people’s strength.

Suppose we rated the weights of objects on a scale of 1 to 10,

where 1 is a weight so light that virtually anyone can lift it, and 10 is a weight so heavy that only the

strongest humans can lift it.

A box of weight 1 would be extremely easy to lift, and a box of weight 10 would be extremely hard

to lift.

A box of weight 5 would be liftable by an average person (strength 5) if they put in an all-out, 100%

effort, and an extremely strong person (strength 10) should be able to lift the box with only a

moderate, 50% effort.
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Page Break

Contestants can win a certain amount of prize money as an incentive for lifting the box.

We will tell you the strength of each contestant and the minimum incentive they would accept to lift

the heaviest box they can lift by themselves.

Your job is to select two contestants to lift the box together in each contest, and decide how much

incentive you would like to provide each contestant you selected.

You will only provide incentives to the two contestants you selected.

The total incentive you can provide to the two contestants of your choice is $50.

Page Break

For every successful lift, you will get a bonus of $1.

For every dollar of incentive you give, $0.01 will be deducted from your bonus payment, regardless

of whether the result is Lift or Fail.
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Suppose you provide $30 to one contestant and $10 to the other contestant. If they succeed, then

your bonus payment increases by $1-(30+10)x$0.01 = $0.6. If they fail, you lose (30+10)x$0.01 =

$0.4.

Your total bonus payment can go up to $3, and will also not be less than $0.

You will see whether the contestants lift the box or not with the incentive you give by the end of

each contest.

Page Break

Keep in mind that some people are stronger and some are weaker.

The available contestants are always the same, but the box changes from contest to contest.

The contestants know very well their own strength and the other contestant’s strength.

They also know how heavy the box is.

Page Break

Also remember that some contestants consider their effort more costly than others.

In other words, some contestants might require more incentive to exert a certain amount of effort.

If the contestant does not feel the prize is worth their effort, they might not lift the box even

if they are strong enough to do so.
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Chapter 2: Supplemental Information
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B.1 Comparing Ensemble models with different weightings
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Figure B.1: Comparison between behavioral data and predictions of Ensemble models with different weightings. Each
panel corresponds to the w in each model. The leftmost panel (w = 0.5) is the equal‐weighting Ensemble model
we implemented in the main text. Pearson correlation coefficient for data and model predictions pooled across both
conditions and for each condition are shown at the bottom right of each subplot. Each dot denotes one agent in one
scenario; error bars indicate 95% normal confidence intervals.
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B.2 Stimuli

Table B.1: Experiments 1a and 2a stimuli.

Scenario Condition Match Box weight Strength 1 Strength 2 Effort 1 Effort 2
1 fail strength 5 5 5 0.2 0.6
2 fail strength 7 6 6 0.3 0.8
3 fail strength 5 4 4 0.3 0.6
4 fail strength 6 5 5 0.2 0.7
5 fail strength 8 8 8 0.2 0.4
6 fail effort 6 4 8 0.4 0.4
7 fail effort 7 4 6 0.6 0.6
8 fail effort 6 2 8 0.5 0.5
9 fail effort 9 5 7 0.7 0.7
10 fail effort 8 6 8 0.3 0.3
11 fail force 3 2 6 0.6 0.2
12 fail force 5 3 6 0.8 0.4
13 fail force 5 4 6 0.3 0.2
14 fail force 9 5 8 0.8 0.5
15 fail force 8 6 8 0.4 0.3
16 lift strength 4 5 5 0.2 0.6
17 lift strength 5 6 6 0.3 0.8
18 lift strength 3 4 4 0.3 0.6
19 lift strength 4 5 5 0.2 0.7
20 lift strength 4 8 8 0.2 0.4
21 lift effort 4 4 8 0.4 0.4
22 lift effort 5 4 6 0.6 0.6
23 lift effort 5 2 8 0.5 0.5
24 lift effort 6 5 7 0.7 0.7
25 lift effort 3 6 8 0.3 0.3
26 lift force 2 2 6 0.6 0.2
27 lift force 3 3 6 0.8 0.4
28 lift force 2 4 6 0.3 0.2
29 lift force 6 5 8 0.8 0.5
30 lift force 4 6 8 0.4 0.3

Note: For this and subsequent experiments, Strength 1 and Strength 2 refer to the strength of the two con-
testants, and Effort 1 and Effort 2 refer to the effort of the two contestants. The order of the stimuli was
randomized during the experiment. The positioning of contestants was randomized.
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Table B.2: Experiments 1b and 2b stimuli.

Scenario Condition Match Box weight Strength 1 Strength 2 Effort 1 Effort 2
1 fail strength 8 5 5 0.2 0.6
2 fail strength 8 6 6 0.3 0.8
3 fail strength 6 4 4 0.3 0.6
4 fail strength 8 5 5 0.2 0.7
5 fail strength 10 8 8 0.2 0.4
6 fail effort 8 4 8 0.4 0.4
7 fail effort 8 4 6 0.6 0.6
8 fail effort 8 2 8 0.5 0.5
9 fail effort 10 5 7 0.7 0.7
10 fail effort 9 6 8 0.3 0.3
11 fail force 6 2 6 0.6 0.2
12 fail force 6 3 6 0.8 0.4
13 fail force 7 4 6 0.3 0.2
14 fail force 10 5 8 0.8 0.5
15 fail force 9 6 8 0.4 0.3
16 lift strength 2 5 5 0.2 0.6
17 lift strength 4 6 6 0.3 0.8
18 lift strength 2 4 4 0.3 0.6
19 lift strength 3 5 5 0.2 0.7
20 lift strength 2 8 8 0.2 0.4
21 lift effort 2 4 8 0.4 0.4
22 lift effort 3 4 6 0.6 0.6
23 lift effort 3 2 8 0.5 0.5
24 lift effort 4 5 7 0.7 0.7
25 lift effort 2 6 8 0.3 0.3
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Table B.3: Experiment 3 stimuli.

Scenario Condition Box weight Strength 1 Strength 2 Effort 1 Effort 2
1 fail 5 2 8 0.5 0.4
2 fail 8 4 8 0.75 0.5
3 fail 5 4 10 0.5 0.2
4 fail 7 5 8 0.8 0.25
5 fail 4 5 10 0.4 0.1
6 fail 9 8 10 0.75 0.2
7 fail 5 3 10 0.5 0.2
8 fail 8 6 8 0.5 0.4
9 fail 4 3 10 0.4 0.1
10 fail 8 4 6 0.5 0.75
11 fail 10 4 8 0.5 0.75
12 fail 10 6 10 0.1 0.5
13 lift 4 4 5 0.5 0.4
14 lift 4 4 10 0.5 0.2
15 lift 5 4 10 0.5 0.3
16 lift 6 4 10 0.75 0.3
17 lift 8 5 8 0.8 0.5
18 lift 5 5 10 0.4 0.3
19 lift 6 5 10 0.6 0.3
20 lift 7 5 10 0.6 0.4
21 lift 9 5 10 0.8 0.5
22 lift 8 8 10 0.5 0.4
23 lift 5 4 8 0.5 0.5
24 lift 4 4 10 0.25 0.3
25 lift 5 5 8 0.4 0.5
26 lift 6 5 10 0.4 0.4
27 lift 5 8 10 0.25 0.3
28 fail 5 5 16 0.2 0.1
29 fail 12 6 8 0.75 0.75
30 fail 14 6 10 0.7 0.9

Note: Scenarios marked gray were impossible scenarios excluded from our analysis.
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B.3 Actual- and Counterfactual-contribution model predictions (line plots

of Experiments 1a and 1b)
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Figure B.2: Data and predictions of the Force model, Strength model, and Effort model in Experiment 1a. Each line
corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confidence intervals.
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Figure B.3: Data and predictions of the Force model, Strength model, and Effort model in Experiment 1b. Each line
corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confidence intervals.
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Figure B.4: Data and predictions of the Focal‐agent‐only, Non‐focal‐agent‐only, and Both‐agent counterfactual models
in Experiment 1a. Each line corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confi‐
dence intervals.
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Figure B.5: Data and predictions of the Focal‐agent‐only, Non‐focal‐agent‐only, and Both‐agent counterfactual models
in Experiment 1b. Each line corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confi‐
dence intervals.
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B.4 Actual- and Counterfactual-contribution model predictions (scatter

plots)
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Figure B.6: Comparison between behavioral data and predictions of the Force model, Strength model, and Effort model.
Pearson correlation coefficient for data and model predictions pooled across both conditions and for each condition are
shown at the bottom right of each subplot. Each dot denotes one agent in one scenario; error bars indicate 95% normal
confidence intervals.
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Figure B.7: Comparison between behavioral data and predictions of the Focal‐agent‐only, Non‐focal‐agent‐only, and
Both‐agent counterfactual models. Pearson correlation coefficient for data and model predictions pooled across both
conditions and for each condition are shown at the bottom right of each subplot. Each dot denotes one agent in one
scenario; error bars indicate 95% normal confidence intervals.
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B.5 Experimental setup in Experiments 2a and 2b

Fail condition

How much is each contestant to blame for the 
team’s loss? 
0 = no blame, 10 = very high blame

How much is each contestant to be credited for 
the team’s victory?
0 = no credit, 10 = very high credit

Lift condition

Figure B.8: Experimental setup used in Experiments 2a and 2b. Participants observed each contestant’s strength, effort,
and force, the weight of the box, and whether the contestants successfully lifted the box together (Lift condition) or not
(Fail condition), and they then assigned blame or credit to each contestant.
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B.6 Actual- and Counterfactual-contribution model predictions (line plots

of Experiments 2a and 2b)

0.0

2.5

5.0

7.5

10.0

Less effort More effort

R
es

po
ns

ib
ili

ty

Data

0.0

2.5

5.0

7.5

10.0

Less effort More effort

Force model

0.0

2.5

5.0

7.5

10.0

Less effort More effort

Strength model

S
am

e strength

Less effort More effort

0.0

2.5

5.0

7.5

10.0

Condition

Fail

Lift

Effort model

0.0

2.5

5.0

7.5

10.0

Less strength More strength

R
es

po
ns

ib
ili

ty

0.0

2.5

5.0

7.5

10.0

Less strength More strength

0.0

2.5

5.0

7.5

10.0

Less strength More strength

S
am

e effort

Less strength More strength

0.0

2.5

5.0

7.5

10.0

0.0

2.5

5.0

7.5

10.0

Less strength/
more effort

More strength/
less effort

Contestant

R
es

po
ns

ib
ili

ty

0.0

2.5

5.0

7.5

10.0

Less strength/
more effort

More strength/
less effort

Contestant

0.0

2.5

5.0

7.5

10.0

Less strength/
more effort

More strength/
less effort

Contestant

S
am

e force

Less strength/
more effort

More strength/
less effort

0.0

2.5

5.0

7.5

10.0

Contestant

Figure B.9: Data and predictions of the Force model, Strength model, and Effort model in Experiment 2a. Each line
corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confidence intervals.
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Figure B.10: Data and predictions of the Force model, Strength model, and Effort model in Experiment 2b. Each line
corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confidence intervals.
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Figure B.11: Data and predictions of the Focal‐agent‐only, Non‐focal‐agent‐only, and Both‐agent counterfactual models
in Experiment 2a. Each line corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confi‐
dence intervals.
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Figure B.12: Data and predictions of the Focal‐agent‐only, Non‐focal‐agent‐only, and Both‐agent counterfactual models
in Experiment 2b. Each line corresponds to a scenario. Error bars in the Data column indicate 95% bootstrapped confi‐
dence intervals.

209



B.7 Comprehension check questions used in the experiments

Correct answers are italicized.

1. What is the structure of the game show?

• It consists of multiple contests between differently-sized groups of contestants.

• It consists of multiple contests between pairs of contestants.

• The structure of the game show is unclear.

2. When do contestants change?

• They change every contest.

• After every successful lift.

• Contestants are the same across contests.

3. How do we know the weight of the box in each contest?

• The weight of the box will be the same during each contest (equivalent to a strength of 5).

• We will never know the weight of the box.

• The weight of the box will be revealed to us during each contest.

4. How much of the reward will each contestant get from a successful lift?

• The stronger contestant will receive a reward.

• Each will receive a reward.

• The contestant who exerted more effort will receive a reward.
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5. Who would be able to lift a box with a weight of 5?

• Anyone with a strength of 5 or higher, given that they exert enough effort.

• Anyone, given that they exert enough effort.

• Anyone with a strength of 5, no matter howmuch effort they exert.

6. Suppose a contestant has a strength of 6. If they put in a 50% effort, how much force

will they produce? *

• 6

• 5

• 3

*This question appeared only in Experiments 2a and 2b.
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B.8 Deviations from pre-registrations

B.8.1 Experiments 1a and 1b

In our pre-registration, we stated that we would convert the responsibility judgments and use the

converted responsibility as the response variable. We decided that converting the predictor variables

(effort and force) was a better approach than converting the response variables. In this way, we were

able to use participants’ original responses as the response variable.

We pre-registered a regression model regressing converted responsibility on strength, effort, and

the interaction between strength and effort, with random effects of each predictor variable grouped

by subject. We did not run this regression because it turned out to be irrelevant to our theory.

B.8.2 Experiment 3

We pre-registered a responsibility attribution task and a bonus allocation task, and in this paper we

are reporting the results of the responsibility attribution task.

Our data set included 99 participants, instead of the 100 that we aimed for. We followed the

stopping rule for data collection which we pre-registered (“we will stop data collection once 100

participants have submitted their responses onMTurk”). 100 participants submitted their task on

MTurk, but we only received data from 99 participants.

In our pre-registration, we stated that we would convert the responsibility judgments and use the

converted responsibility as the response variable. We decided that converting the predictor variables

(effort and force) was a better approach than converting the response variables. In this way, we were

able to use participants’ original responses as the response variable.

We pre-registered a regression model regressing converted responsibility on strength, effort, and

the interaction between strength and effort, with random effects of each predictor variable grouped
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by subject. We did not run this regression because it turned out to be irrelevant to our theory.

As stated in the main text, we excluded 3 scenarios due to errors in design (the box weight was

greater than 10 or a contestant’s strength was greater than 10, which were impossible scenarios given

our setup).
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