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ARTICLE INFO ABSTRACT
Dataset link: https://github.com/emieczkowski Humans collaborate to improve productivity, but when is it acceptable for a collaborator to remain idle?
/IdleCollaborators Theories from distributed computer systems suggest that, depending on the task structure, division of labor
Keywords: leads to diminishing returns in efficiency as group size increases. We examine whether people are aware
Collaboration of these limitations to collaboration, and how considerations of task efficiency may affect the perceived
Distributed systems acceptability of idleness, the withholding of effort during collaborative tasks. Across four experiments (N =
Collective intelligence 1,124), participants saw scenarios where a single collaborator remained idle while other group members
Amdahl’s Law washed dishes, prepared a salad, or created flashcards. We manipulated task structure by varying the number
Social loafing of guests (group size), the amount of work to be done (workload), and the number of tools available to
Social norms do it (environmental bottlenecks), which each constrain how much faster the group could have finished
the task if the idle agent had contributed. Participants judged idleness as more acceptable when the idle
agent’s contributions would have a smaller effect on task efficiency. These judgments were best captured by
a variant of Amdahl’s Law, a theory from distributed systems that predicts the idle agent’s potential impact
by integrating group size, workload, and bottlenecks, compared to simpler heuristic models that consider a
subset of these factors. Together, our findings lay the groundwork to study human collaborations as natural
distributed systems.
1. Introduction collaborators, such as coordinating concurrent operations, agreeing on

shared states, and handling failures like machine crashes or commu-

Humans work together to accomplish goals beyond the capabilities nication delays (Almasi & Gottlieb, 1994; Baer, 1973; Kshemkalyani

of a single person. By coordinating actions as a group, we are able to & Singhal, 2011). For decades, research in distributed systems has
leverage collective effort and overcome individual constraints on time formalized these coordination problems and their solutions, providing

am.i %‘esources (Griffiths, 2020; Vélez, Christian, Hardy, Thompson, & insights through theories like Amdahl’s Law, which predicts an upper
Griffiths, 2023). Groups of people are thus motivated to collaborate

based on the underlying belief that “many hands make light work”;
as we pool shared resources, skills, and effort, we should benefit from
an increase in collective productivity (Mao, Mason, Suri, & Watts,
2016). However, figuring out how labor should be allocated across

bound on performance gains from increasing group size. Depending on
the number of processors already in use and the structure of the task,
adding more processors may have little impact on performance (Am-
dahl, 1967; Cassidy & Andreou, 2011; Gustafson, 1988; Hill & Marty,

collaborators is not trivial. How many collaborators do we actually ~ 2008). Applied to human collaborations, Amdahl’s Law offers a prin-

need in order to complete tasks efficiently? cipled way to analyze how much faster a task could be completed by
We propose that theories from distributed computer systems provide distributing it across more collaborators.

a theoretical framework for understanding the challenges faced by Distributed systems motivate the idea that, depending on the task,

groups of people as they transition from working individually to collab- there may be diminishing returns to division of labor. For instance, con-

orating (Vélez et al., 2023). Splitting tasks among many processors, as sider a dinner party where all guests have finished eating and it is time

in a computing cluster, can enable us to solve computational problems to clean the dishes. Should an additional person try to contribute, or is

that outstrip the capabilities of any one machine, such as capturing
images of black holes or training complex AI models. However, this
process introduces challenges similar to those encountered by human

it acceptable for them to remain idle? If task efficiency influences how
people evaluate collaborations, then the variables predicting speedup in
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distributed systems should affect how people perceive idleness. Draw-
ing on principles from Amdahl’s Law (Amdahl, 1967), the degree to
which a task can be parallelized between collaborators should depend
on: (1) the number of people (group size), (2) the amount of work to be
completed (workload), and (3) serial limitations that prevent additional
members from effectively contributing (bottlenecks). Bottlenecks can
be environmental, such as spatial constraints or physical resources, or
cognitive, such as communication delays or interdependencies between
task components that require synchronization (Almaatouq, Alsobay,
Yin, & Watts, 2021). If there is a low workload, such as a limited
number of plates to clean, few guests can help before there is nothing
left to do. Similarly, if there are many dirty plates but only one sink,
an extra helper will not reduce washing time due to the physical
bottleneck. Examples of these definitions are illustrated in Fig. 1.
In such cases, idleness may not be a failure to help, but instead a
rational collaborative strategy. Individuals might refrain from exerting
effort when they perceive that their involvement will not significantly
enhance overall task efficiency.

Many psychological theories suggest that people evaluate events
not only based on what actually happened, but by considering what
could have happened instead. Counterfactual Simulation Models pro-
vide valuable insights into how individuals mentally simulate alterna-
tive outcomes to infer causality and evaluate decisions (Gerstenberg,
Goodman, Lagnado, & Tenenbaum, 2015; Gerstenberg, Lagnado, et al.,
2023; Xiang, Landy, Cushman, Vélez and Gershman, 2023). A key chal-
lenge in applying these models is determining which counterfactuals
are most relevant for judgment. In the context of idleness evaluations,
a particularly important counterfactual concerns task completion time:
how much faster would the work have been completed if the idle agent
had contributed? From this perspective, judgments of idleness may re-
flect an implicit counterfactual comparison. If the task would have been
completed faster with the idle agent, they should be judged more nega-
tively (Gerstenberg et al., 2018; Wu & Gerstenberg, 2024; Wu, Sridhar,
& Gerstenberg, 2023). This approach complements existing work on
counterfactual reasoning by highlighting how structural factors in the
environment influence potential contributions. While counterfactual
models effectively capture how people evaluate alternative scenarios
when judging contributions, distributed systems theory helps explain
why specific tasks and environmental factors make certain counter-
factuals more relevant than others. This framework provides concrete
mechanisms for understanding how resource constraints and coordina-
tion requirements shape the potential impact of individuals’ effort in
groups (Gerstenberg & Lagnado, 2010).

However, task efficiency may not be the only explanation for how
idleness should be judged during collaborations. Our model based on
distributed systems theory offers a comprehensive approach to under-
standing how group size, workload, and environmental bottlenecks
jointly influence the perceived acceptability of idleness. Instead of
evaluating task efficiency using multiple variables, people might rely
on simpler heuristics that consider only a subset of these factors.
One possibility is that people evaluate idle collaborators based on the
current group size. Different psychological theories offer competing
predictions about whether group size increases or decreases the per-
ceived acceptability of idleness. On one hand, idle collaborators may be
judged more harshly in larger groups if their evaluations are influenced
by social norms (Cialdini, Kallgren, & Reno, 1991; Hackman & Morris,
1975; Roberts, Gelman, & Ho, 2017; Schmidt & Tomasello, 2012;
Turner, Nielsen, & Collier-Baker, 2014). As more people contribute to
the clean-up, there will be heightened normative pressure on those
remaining seated to participate in order to avoid being perceived as
uncooperative in the eyes of the productive group members (Mas &
Moretti, 2009). On the other hand, idle collaborators may be judged
more leniently in larger groups if evaluations are based on expectations
of social loafing, or the tendency for people to expend less effort when
working together (Ingham, Levinger, Graves, & Peckham, 1974; Petty,
Harkins, Williams, & Latane, 1977; Ringelmann, 1913; Steiner, 1972).
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People may judge idleness as more acceptable in larger groups because
everyone has a tendency to ‘loaf’ and do the same. Another possibility,
motivated by work in management science, is that individuals will
tailor the amount of effort they exert depending on workload (Bruggen,
2015). If workload is perceived as too high or low, individuals might
be less motivated to contribute, making idleness more acceptable.

Here, we tested whether people’s evaluations of idle collaborators
are sensitive to task efficiency, as predicted by a modeling framework
inspired by distributed computer systems. We examine how people
judge the social acceptability of idleness in an experimental paradigm
in which all group members except for one contribute to a collabora-
tive task. In Experiment 1, we hypothesize that people consider both
workload and group size when evaluating idleness. If participants base
collaborative judgments on task efficiency, then they should consider
idleness to be more acceptable in cases where an additional collab-
orator will have little impact, such as when workloads are low and
group sizes are large. In Experiment 2, we predict that bottlenecks
also impact idleness judgments. Participants should judge idleness to
be less acceptable when there are fewer environmental constraints to
working collaboratively, such as having access to a larger number of
available workstations and tools. To formalize these predictions, we
develop a mathematical model of task efficiency in collaborative groups
inspired by Amdahl’s Law from distributed computer systems (Amdahl,
1967). Consistent with our model, Experiments 1 and 2 reveal qual-
itative similarities between participants’ judgments and the predicted
speedup gained if the idle agent had contributed. In Experiment 3,
we directly test this relationship, finding that participants’ estimates of
potential task speedup strongly correlate with evaluations of idleness.
Experiment 4 replicates these findings in a novel scenario that removes
spatial affordances and contextual norms associated with dinner par-
ties, reinforcing the robustness of our results. Together, these results
suggest that people evaluate idleness based on how much a group
member could have contributed, consistent with basic principles of task
efficiency inspired by distributed systems.

2. Modeling the impact of idleness with distributed systems effi-
ciency

Theories from distributed systems offer a framework that can be
adapted to model the acceptability of idleness based on task efficiency.
Parallelization enables processors to carry out complex computations
simultaneously, leading to immense improvements in performance.
However, coordinating multiple processors to tackle the same op-
erations in parallel produces tremendous challenges (Almasi & Got-
tlieb, 1994; Baer, 1973; Kshemkalyani & Singhal, 2011). Distributed
systems theory highlights the potential disadvantages of allocating
tasks across multiple processors and provides general principles for
improving efficiency.

We develop a mathematical model to predict the acceptability of
idleness during collaborative tasks depending on task efficiency. If
people are influenced by task efficiency when evaluating idleness, then
they should find it more acceptable to withhold effort when their
contribution has little impact on speeding up task completion. To
explain our derivation, we return to our real-world example of a dinner
party. After dinner, several guests begin cleaning the dishes, which
involves two subtasks: (1) Guests must first carry all of the plates to
the counter, and (2) then wash them. How much of an impact can an
additional guest have on speeding up clean-up? This difference should
partially depend on the number of plates that need to be cleaned, or the
workload. An extra guest can have a greater marginal impact if there
are twenty plates to be cleaned compared to only two. Furthermore,
this guest can contribute more if group size is currently smaller, such
as if only two people are working on the task compared to ten. Fi-
nally, this guest’s potential impact is limited by the parallelizability of
each subtask due to bottlenecks. Environmental factors, such as spatial
constraints or a limited number of workstations and tools, create these
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A) Example test trial

The red guest remains seated at the table while the other guests
finish the task. How acceptable is the idle guest’s behavior?
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Definitions

Group Size (n): number of agents in
the scene, including the idle agent

Workload (w): amount of work to be
completed, such as dishes to be
cleaned or carrots to be chopped

CCO~

Parallelizable subtasks (m): the
number of jobs that must be
completed together (carrying dishes

B) Scenarios
Dish Clean-Up

C) Experimental manipulations
Workload

Group Size Bottlenecks
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to the sink, then washing them)
Bottlenecks (b): environmental
limitations including tools and the
number of workstations, such as
sinks and cutting boards

/&

Medium Workload

Large Group

High Workload High # of Workstations

Fig. 1. Definitions and example stimuli. (A) Example trial: Participants were told that all guests except for the red agent actively participate in the task, and they were asked to
evaluate how acceptable it is for the red agent to remain idle. (B) Scenario types: Agents worked together to wash dishes (Dish Clean-Up) or make a salad (Salad Preparation).
(C) Experimental manipulations: We manipulated group size, workload, and environmental bottlenecks like the number of workstations, which each affect the red agent’s impact
on task efficiency. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

bottlenecks and prevent successful division of labor. In this case, the
primary bottleneck is the number of sinks. If there is only one sink,
and there are already several guests crowded around it, then another
guest cannot speed up this subtask. In summary, our model depends
on a combination of (1) workload w, (2) group size n, (3) the number
of parallelizable subtasks m, and (4) the presence of environmental
bottlenecks b; that limit the number of agents who can successfully
share work within a subtask i. Fig. 1A defines each of these variables
and shows how they were instantiated in our stimuli.

2.1. Derivation from original Amdahl’s Law

Amdahl’s Law is a formula that predicts the speedup expected
when a computation is executed across more processors, based on the
proportion of subtasks that can be parallelized (Amdahl, 1967; Cassidy
& Andreou, 2011; Hennessy & Patterson, 2011; Hill & Marty, 2008).
The original version of Amdahl’s Law assumes that subtasks can fall
into two categories. The first proportion of subtasks f can be fully
parallelized (e.g., carrying dishes to the counter). The second propor-
tion of subtasks 1 — f must be performed serially by a single processor
(e.g., washing dishes one at a time). Given a fixed workload, Amdah!’s
Law predicts the theoretical speedup S expected by distributing a task
among multiple processors:

Ss)= — 1 )

a-p+1

where s is a speedup factor, representing the time saved in the par-
allelizable proportions of the task. The key insight from this formula
is that, as group size increases, improvements in task efficiency are
constrained by the workload and the proportion of the task that must
be performed serially. Amdahl’s Law points to an inherent limit to
how much increasing group size can enhance task efficiency. It is
only beneficial to add a processor when there is unfinished work and
additional processors will reduce the time to completion.

We extend this model in two ways. First, we consider more than
two proportions of a task, each with its own degree of parallelizability.
In our real-world example, subtasks are not strictly collaborative or
independent; some subtasks may benefit from varying numbers of
collaborators. Any number of guests may be able to bring their own
plates to the sink, whereas two or three guests may dry them depending
on the number of towels. Second, we consider factors that impact
speedup s in real-world settings. In distributed computing, s is often
calculated based on the number of discrete operations that can be run

simultaneously, such as counting the elements of a certain type in a
list or performing matrix multiplications (Hennessy & Patterson, 2011).
However, for human collaborations in real-world tasks, defining the
number of actions and amount of effort required for each subtask is
less straightforward.

Applying Amdahl’s Law to human groups motivates two impor-
tant hypotheses for understanding collaboration. First, adding group
members to a task may not improve efficiency, depending on the
workload and environmental bottlenecks that limit parallelizability.
Second, if people are aware of these limitations, idleness may be a
rational response to the diminishing returns expected from increasing
group size.

2.2. Task efficiency model: Evaluating the impact of idle collaborators

To study the impact of idleness in human collaborations, we devel-
oped a task efficiency model inspired by Amdahl’s Law (Amdahl, 1967;
Cassidy & Andreou, 2011; Hennessy & Patterson, 2011; Hill & Marty,
2008). Our model builds on the original form of Amdahl’s Law (Eq.
(1)) by predicting the impact of adding a single collaborator on task
completion times and using this prediction to assess the acceptability
of idleness. The predicted speedup that could be achieved if one more
agent contributed to the task is given by:

S(n.b) = ! @)

A= )+ 20 5

Here, m is the number of parallelizable subtasks. We assume that each
subtask contributes equally to the overall task, with f; representing the
fraction of the task comprised by a parallelizable subtask i. Therefore,
Y, fi = 1 if all subtasks are parallelizable. Conversely, 1 — Y| f;
represents the serial proportion of the task. For example, in a dish
clean-up scenario with only one sink, there are two distinct subtasks:
clearing the plates from the table, and washing them. Only the first
subtask is parallelizable, so m = 1. We approximate this subtask as
compromising f; = 0.5 of the overall completion time. Therefore, the
second subtask, which must be performed serially because there is only
one sink, comprises 1 — f; = 0.5 of the task. Because we currently
consider static descriptions of real-world tasks, we do not have an exact
quantification of the total number of actions needed for each subtask.
Thus, we approximate the proportion of time allocated to each subtask
by splitting the total task completion time evenly across subtasks. In the
Discussion, we will consider ways to divide subtasks more precisely in
dynamic, first-person tasks.
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(A) Parallels between distributed efficiency (B) Adapting Amdahl’s Law to Human Collaboration

(Amdahl’s Law) and human collaboration

(1) Predicted Task Completion Times

(2) Predicted Idleness Acceptability

l:l}—l:l} How much faster could the team have How acceptable is it for a group
finished? member to remain idle?
1
w-S(n,b Yspeedup (1, W, b) o¢ ————
AL % ! s sl i
high low
o— 7 s _
B B
E ¥ 8
X X
Variables that impact task speed-up 5 ] /——
Group Sizes, 72 Workloads, 1 Bottlenecks, b; = =
4
©@0e ©Coo HfHH low ————  high
Subtask, i Group Size Group Size
low high
N
x
g k5
= £ P——
Carrying plates to the sink Washing the plates @ @
high low
Group Size Group Size

Fig. 2. Schematic of task efficiency model, based on Amdahl’s Law from distributed systems. (A) Parallels between task efficiency in distributed computer systems (Amdahl’s Law)
and human collaboration. We consider including an additional team member in a collaborative task to be similar to scaling system size in distributed systems (top). We tailor our
model to account for variables that impact human collaborative efficiency, namely group sizes, workloads, and bottlenecks (bottom). In our model, serial proportions of a task can
only be performed by one collaborator (e.g., washing the dishes one at a time) due to environmental bottlenecks. (B) Task efficiency model predictions: Predicted task completion
times and idleness acceptability judgments across different group sizes, workloads, and bottlenecks (i.e., number of workstations). We predict that idleness acceptability is inversely

proportional to task speedup. Predicted speedup is presented on a log scale.

For each parallelizable subtask i, s(n, b;) estimates the speedup from
adding an additional nth agent, given there are already n — 1 agents
working on a task with b, workstations:

min(n, b;)
st b)) = = 1.5) 3)
To illustrate, consider a scenario with five agents and two sinks (n = 5,
b, = 2). Adding another agent has no impact due to the limited number
of workstations. Conversely, with five agents and six sinks (n = 5,
b, = 6), then recruiting another agent improves task completion due
to the availability of workstations.

Amdahl’s Law predicts the speedup obtained from adding proces-
sors, given a fixed workload. To facilitate comparisons across different
workload levels, we introduce a workload parameter w. We then com-
pute overall task efficiency by scaling the speedup .S(n,b) by w. We
consider idleness acceptability to be inversely proportional to speedup,
representing the “slow-down” that occurs when the idle agent does
not contribute. Thus, we predict idleness acceptability given speedup
efficiency, yspeedup( W, b) (depicted in Fig. 2), to be

1

Yspeedup (1, W, b) = P (€]

3. Alternative hypotheses

Our key hypothesis is that idleness is more acceptable when the idle
agent’s contributions would have had less impact on task completion
time. The task efficiency model computes this impact by incorporating
information about group size, workload, and bottlenecks. However,
there are several alternative possibilities. Instead of combining all three
task features, people might rely on simpler heuristics that consider
only a subset. In particular, people’s judgments may be primarily based
on group size; it may be more acceptable because there are more
hands to share the load (social loafing model). Alternatively, group size
may make it less acceptable to remain idle in larger groups due to
stronger normative pressure to contribute (normative pressure model).
Alternatively, people may base their judgments solely on workload,
with idleness seen as less acceptable when there is more work to do
(workload model). We describe each of these alternative hypotheses
below.

3.1. Social loafing models

Individuals frequently exert less effort when working in larger
groups, a phenomenon known as social loafing. This phenomenon,
first demonstrated by Ringelmann (1913), showed that people each
contributed less effort to a rope-pulling task when pulling together
than when pulling individually (Kravitz & Martin, 1986; Ringelmann,
1913). Many accounts explain social loafing as a failure to coordinate
effort within a group, and this phenomenon has been replicated across a
wide range of populations and tasks, both physical and cognitive (Ing-
ham et al., 1974; Karau & Williams, 1993; Petty et al., 1977; Simms
& Nichols, 2014). This research indicates that the severity of social
loafing increases with group size (Littlepage, 1991; Ringelmann, 1913;
Steiner, 1972). Social loafing may worsen as group size increases due
to compounding coordination challenges, greater dispensability and
unidentifiability of individual contributions, and increased expecta-
tions of peer loafing (Jackson & Harkins, 1985; Kerr & Bruun, 1983;
Williams, Harkins, & Latané, 1981).

Although these theories differ in their explanations of why group
members decrease individual outputs, they generally agree that ef-
fort depends on perceived group size. As the group grows larger,
each member contributes less effort, and the discrepancy between
the potential and actual effort exerted by the group becomes more
pronounced (Olson, 1971).

If people use similar considerations to evaluate others’ idleness
as they do to calibrate their own effort, they may judge idleness as
more acceptable in larger groups since there are more collaborators
available to carry the load. Therefore, we can summarize these theories
into a heuristic which predicts that idleness judgments given n group
members will be:

Ysocial loaﬁng(”) =1(n) 5)

where /(n) is a function of group size that can take various forms
depending on the underlying psychological theory. We use both a linear
and a nonlinear model to capture this relationship, given that social
loafing has been shown to follow either pattern in terms of its effect
on performance (Littlepage, 1991; Ringelmann, 1913; Steiner, 1972).
Specifically, we consider a linear model /(n) = n, and a nonlinear model
I(n) = log(n).
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3.2. Normative pressure models

Alternatively, group size may have the opposite effect on people’s
evaluations of idleness. Idleness may be less acceptable in larger groups
due to greater normative pressure on each individual to conform to
the majority. People are sensitive to conformity; they both tune their
own behaviors to what the rest of the group is doing (Asch, 1940;
Flynn, Turner, & Giraldeau, 2018; Gerard, Wilhelmy, & Conolley, 1968;
Turner et al., 2014) and evaluate other people’s behaviors based on
how well they align with the group (Bear & Knobe, 2017; Cialdini &
Goldstein, 2004; Cialdini et al., 1991). Thus, as group size increases
and more guests help with the dishes, people may evaluate the idle
collaborator’s actions more negatively simply because it is increasingly
at odds with the actions of the rest of the group.

If people judge idleness based on descriptive norms about how many
people are actively engaged, then it may be less acceptable in larger
groups, where there is greater normative pressure to act. In this case,
idleness judgments given n group members will be predicted by:

Ynorms (") = 1 (6)
n

3.3. Workload models

Both the social loafing and normative pressure models base their
predictions solely on group size, but people might be primarily con-
cerned with workload. Research in management science suggests that
workload heavily impacts the amount of effort individuals exert during
a task. Greater workload can have a positive impact on effort, lead-
ing to increased motivation and performance (Siswanto, Supriyanto,
Ni’'mah, Asnawi, & Wekke, 2019). Other work finds an inverted U-
shaped relationship between workload and individual performance,
where employee outputs increase up to a certain workload and then
decrease (Bruggen, 2015).

If people base their collaborative judgments solely on workload,
then they may judge idleness as less acceptable when there is more
work to be done. If this is the case, idleness judgments based on
workload w can be roughly described as:

1
Yworkload (W) = o ()

Alternatively, a more sophisticated model might capture the empir-
ical, non-monotonic relationship between workload and performance,
such as:

Yeffort (W) = —w? ®

3.4. Model summary

Each of the alternative hypotheses described above evaluates idle-
ness based on a single task dimension: the social loafing and normative
pressure models evaluate idleness solely using group size n, while the
workload model evaluates idleness using workload w. In contrast, our
task efficiency model uniquely combines considerations of group size,
workload, and environmental bottlenecks » within a single theoretical
framework.

4. Experiment 1: Effects of workload and group size

We present a paradigm for evaluating whether people take into
account task efficiency when judging whether an additional group
member should contribute to a collaborative task. In particular, if
participants are sensitive to task efficiency, then they should consider
both workload and group size when evaluating the acceptability of
idleness.
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4.1. Methods

Participants were presented with a series of dinner party scenarios.
In each scene, all agents except for one idle guest were actively engaged
in a task. Participants were asked to evaluate the acceptability of this
agent’s idleness.

4.2. Preregistration

All methods, including the experimental design, data collection pro-
cedures (e.g., sample size, participant recruitment, inclusion/exclusion
criteria), and our primary subject-level analysis (a linear mixed-effects
model comparing observed data to our hypothesized task efficiency
model), were preregistered prior to data collection at https://aspredi
cted.org/8bj9q.pdf. These preregistered elements were intended to test
our key hypotheses regarding the effect of task efficiency on judgments
of idle behavior. We did not preregister the comparison to additional
baseline models, as those comparisons are ablations of the full task
efficiency model that help us interpret our theoretical results. Thus,
comparisons with alternative models are exploratory. The experiment
was performed with IRB approval (IRB # 15959); all participants
provided informed consent prior to the experiment.

4.3. Participants

We recruited 300 English-speaking adults from the Prolific platform
in exchange for compensation ($2.40 for a 10-12 min experiment).
Fourteen participants who failed an attention check were excluded from
analysis, resulting in a total of 286 participants (87 male, 196 female;
mean age = 38.8, SD = 13.1).

4.4. Stimuli

Participants saw scenarios where a single dinner party guest stayed
idle at the table while the remaining guests worked on a collaborative
task. In each scenario, we independently manipulated the number
of dinner party guests (group size) and the amount of work to be
done (workload). To ensure robustness, participants saw two classes
of scenes. In Dish Clean-Up, agents were seated at the table with a
number of plates in front of them. Participants were told that the agents
needed to carry the plates to the sink, then wash and dry them. In Dish
Clean-Up, workload was defined as the number of plates that need to
be cleaned. In Salad Preparation, agents were also seated at the table
with a number of carrots next to the sink. Participants were told that
the agents needed to clean and chop the carrots to add them to the
salad bowl. In Salad Preparation, workload was defined as the number
of carrots that need to be prepared.

In each scene, the agents were depicted with unique colors. The
red-colored agent was present in every scene in a fixed position, and
this agent was always the loafer, or the guest that remained seated at
the table without contributing to the task. Stimuli for this study were
generated using Python’s Matplotlib library. We represented a kitchen
using a 7 x 7 grid, and programmatically populated all of the various
layouts, objects, and agents in the scene. This approach allowed for a
high degree of consistency across scenes.

We manipulated each scenario to reflect low (1 plate/carrot),
medium (4 plates/carrots), or high (8 plates/carrots) workload, as well
as small (2 agents), medium (4 agents), or large (6 agents) group
size. This approach resulted in a total of 18 unique stimuli, or 3
workload levels x 3 group sizes x 2 kitchen scenarios, in a fully
within-participants design. Participants were presented the 18 stimuli
in random order. Representative stimuli are shown in Fig. 1.
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4.5. Procedure

Participants were informed that every trial stimulus represented a
different dinner party with new guests. In each trial, participants were
told that the red agent remained seated at the table for the duration of
the task. They were then asked to rate how acceptable they considered
this guest’s behavior. Participants reported their judgments on a Likert
scale from 1 (completely unacceptable) to 10 (completely acceptable).
Experiment 1 can be accessed at https://em.velezlab.opalstacked.com/
Experimentl/.

4.6. Analysis

We analyzed our data using a linear mixed-effects model that pre-
dicted continuous judgments of idleness acceptability, y; € [1, 10], as
a function of the discrete fixed effects of workload x; and group size
x,. To enable pairwise comparisons between factor levels, workload
and group size were each coded using two binary indicator variables
measured against the baseline medium level (4 plates/carrots for work-
load, and 4 agents for group size). Thus, we use the notation x, ; to
denote low workload, x, , to denote high workload, x, ; to denote small
group size, and x,, to denote large group size. We also included all
interactions between workload and group size levels, a fixed intercept
term a, random intercepts across participants «;, and residual error e.
These analyses were performed using Python’s statsmodels, NumPy,
and pandas.

4.7. Results

Results from Experiment 1 are presented in Fig. 3. There were
significant main effects of workload and group size.

First, we found that participants judged idleness as more acceptable
in larger groups. As group size increases, withholding effort is consid-
ered to be more acceptable. In particular, we found that participants
judged idleness to be less acceptable in scenarios with smaller groups,
compared to the medium-sized groups (f,; = —1.01, SE = 0.11, 95% CI
= [-1.22, —0.80], z = =9.41, p = 0.004), and more acceptable in large
groups, compared to medium-sized groups (f,, = 0.57, SE = 0.11, 95%
CI = [0.36, 0.78], z =5.32, p < 0.001).

Next, we found that participants judged idleness as less acceptable
under high workloads. In particular, participants rated the idle agent’s
behavior as more acceptable in low workload scenarios, compared to

the baseline of medium workload (§;; = 1.00, SE = 0.11, 95% CI
= [0.79, 1.21], z = 9.27, p < 0.001), but less acceptable with high
workloads compared to medium workloads (f,, = -.31, SE = 0.11,

95% CI = [-0.52, —0.10], z = —2.89, p < 0.001).

We found no significant interactions between workload and group
size: (1) low workload and small group (8 = .12, SE = 0.15, 95% CI =
[-0.18, 0.42], z = 0.78, p = 0.44), (2) low workload and large group (5,
SE = 0.15, 95% CI = [0.11, —0.54], z = —1.61, p = 0.11), high workload
and small group (8, SE = 0.15, 95% CI = [-0.42, 0.18], z = 0.43,
p = 0.43), (4) high workload and large group (8, SE = 0.15, 95% CI
= [-0.18, 0.41], z = 0.76, p = 0.45).

We employed a simple model comparison approach to evaluate the
explanatory power of different theoretical models and the necessity
of our predictors. Importantly, our models make direct predictions
without free parameters that need to be fit to data, allowing for strong
tests of their explanatory power through both qualitative trend analysis
and quantitative correlations with human judgments. The likelihood
ratio test revealed that both workload (x;) and group size (x,) vari-
ables are statistically significant predictors of performance, with low
p-values (p < 0.001) for all their coded variables (x;,x;,,%; 1, %;5)-
These results indicate that removing either workload or group size
variables would substantially diminish the model’s explanatory power
in predicting subject responses.
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Table 1

Predictor significance in Experiment 1.
Predictor LR p-value
Low workload (Xl,l) 227.198 <0.001
High workload (x,,) 19.668 <0.001
Small group (x,,) 252.413 <0.001
Large group (x,,) 69.498 <0.001
Bottleneck (x;) N/A N/A

Table 2

Model performance in Experiment 1.
Model Spearman (r) RMSE
Efficiency 0.828 1.509
Workload 0.632 2.160
Workload effort 0.158 3.266
SL linear 0.738 1.826
SL nonlinear 0.738 1.826
Norms -0.738 4.690

In addition to these statistical tests, we computed the Spearman
rank correlation and rank root mean squared error (RMSE) for each
model as an indicator of fit to evaluate how well different theoretical
models capture relative trends rather than absolute scales. Since these
values are computed from a small number of means corresponding
to the different conditions (a total of nine for Experiment 1), the
differences across models are not statistically significant. Given these
limitations, we report correlation and RMSE values descriptively. Over-
all, participants judged that it is less acceptable to withhold effort when
there is more work to be done and fewer agents to do it. Notably, the
social loafing model reflects the effect of group size, and the workload
model reflects the effect of workload. Only the task efficiency model
uniquely considers both of these variables within a single framework.
Our task efficiency model demonstrated the highest correlation (r =
0.83) and lowest rank root mean square error (RMSE = 1.51) among
the tested theoretical models. Full statistical details can be found in
Tables 1 and 2.

However, some deviations between model predictions and human
judgments remain, particularly in how people respond to differences
in larger group sizes, which may be partly explained by participants’
sensitivity to spatial factors like potential collisions between group
members when there are many guests in the kitchen. These results
provide evidence that participants evaluate idle collaborators based on
their impact on task efficiency. Experiment 2 examines whether people
additionally consider a factor that is uniquely motivated by the task
efficiency model: the presence of environmental bottlenecks.

5. Experiment 2: Effects of resource bottlenecks

We further evaluate how people take into account task efficiency by
manipulating the presence of serial bottlenecks that prevent division of
labor. Our model of task speedup predicts that changing the number
of bottlenecks in each scene — such as the number of sinks or cutting
boards — should shift the saturation point at which adding more agents
will no longer improve task completion. If there are a limited number
of sinks to wash the dishes, or cutting boards to chop the carrots, then
no matter how many agents are available, they cannot speed up the
task.

5.1. Methods

As in Experiment 1, participants were again presented with din-
ner party scenarios where all agents except for one idle guest were
actively engaged in a task. Participants were asked to evaluate the
acceptability of this agent’s idleness. The anonymized preregistration,
which includes experimental design, data collection procedures, and
our primary subject-level analysis, can be found at https://aspredicted.
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Fig. 3. Experiment 1 results. (A) Mean idleness judgments by workload and group size. Participants judged that it is more acceptable for the red agent to be idle in scenarios
with larger groups and small workloads. Error bars represent standard errors. (B) Task efficiency model predictions, where idleness acceptability (Vspeequp) is plotted by group size
and workload. (C) Predictions from alternative hypotheses. H1-2 use simple heuristics to evaluate idleness based on group size, whereas H3 evaluates idleness based on workload.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

org/d2vq-vhe9.pdf. The experiment was performed with IRB approval
(IRB # 15959); all participants provided informed consent prior to the
experiment.

5.2. Participants

We recruited 300 English-speaking adults from the Prolific plat-
form in exchange for monetary compensation ($2.60 for a 14 min
experiment). Twenty-nine participants who failed an attention check
were excluded from subsequent analysis, resulting in a total of 271
participants (82 male, 181 female, 3 non-binary; mean age = 39.0, SD
=12.9).

5.3. Stimuli

We designed stimuli that varied across three independent dimen-
sions: (1) workload, (2) group size, and (3) bottlenecks, or the number
of workstations available for agents to use. In Dish Clean-Up scenarios,
workstations were defined as the number of sinks. In Salad Preparation
scenarios, workstations were defined as the number of cutting boards.

Stimuli for Experiment 2 were generated using the same methods
as Experiment 1. In each stimulus, every agent was depicted with a
unique color. The red-colored agent was present in every scene in a
fixed position, and this agent was always the idle guest that remained
seated at the table without contributing to the task.

As in Experiment 1, we independently varied group size (1, 4, or 6
agents) and workload (1, 4, or 8 units of work). We additionally ma-
nipulated the presence of environmental bottlenecks: high-bottleneck
scenarios had only 1 workstation, while low-bottleneck scenarios had
6 workstations. This approach resulted in a total of 36 unique stimuli,
or 3 workload levels x 3 group sizes x 2 bottleneck levels x 2 kitchen
scenarios, in a fully within-participants design. Stimuli were presented
in random order. Representative stimuli are shown in Fig. 1.

5.4. Procedure

Participants followed the same procedure outlined in Experiment 1.
Experiment 2 can be accessed at https://em.velezlab.opalstacked.com/
Experiment2/.

5.5. Analysis

Analyses were performed using the same methods as Experiment
1, with the addition of a two-level discrete fixed effect for bottleneck,
x3, as well as all possible two-way interactions between workload, x,,
group size, x,, and bottleneck. To analyze these effects, we employed a
linear mixed-effects model where the continuous output criterion was
a judgment of idleness acceptability, y; € [1, 10].

5.6. Results

Results from Experiment 2 are presented in Fig. 4. There were
significant main effects of workload, group size, and bottlenecks. First,
we replicated the effects of workload and group size produced in
Experiment 1. Smaller group sizes produced a significant decrease in
idleness acceptability compared to the medium-sized groups (f,, =
-1.30, SE = 0.10, 95% CI = [-1.50, —-1.11], z = —13.06, p < 0.001),
whereas larger group sizes than the medium baseline led to a significant
increase in idleness acceptability (§,, = 0.624, SE = 0.10, 95% CI =
[0.43, 0.82], z = 6.26, p < 0.001). Low workload produced a significant
increase in idleness acceptability compared to the baseline of medium
workload (f;; = 1.43, SE = 0.10, 95% CI = [1.23, 1.63], z = 14.36,
p < 0.001), whereas high workloads compared to the medium baseline
produced a significant decrease in idleness acceptability (4, , = —0.23,
SE = 0.10, 95% CI = [-0.43, —0.04], z = —-2.31, p = 0.02). Together,
these results provide further evidence that, as workload increases and
group size decreases, idleness is judged to be less acceptable.

Next, we found that participants’ judgments were also sensitive to
the number of workstations available. In particular, participants judged
idleness to be less acceptable when there were more workstations
available (f; = —0.73, SE = 0.09, 95% CI = [-0.91, —0.55], z = —8.05,
p < 0.001).

Some of the estimates for the fixed effects of the interactions be-
tween workload, group size, and bottlenecks were significant. Specifi-
cally, significant interactions were found in the following cases, which
qualitatively fit predictions from our task efficiency model: (1) low
workload and large group (f = —0.33, SE = 0.12, 95% CI = [-0.57,
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Table 3

Model performance in Experiment 2.
Model Spearman (r) RMSE
Efficiency 0.950 0.816
Workload 0.843 1.414
Workload effort 0.264 3.055
SL linear 0.474 2.582
SL nonlinear 0.474 2.582
Norms -0.474 4.320

Table 4

Predictor significance in Experiment 2.
Predictor LR p-value
Low workload (x; ) 5.996 0.199
High workload (x;,) 12.950 0.012
Small group (x,,) 12.101 0.017
Large group (x,,) 2.163 0.706
Bottleneck (x;) 11.668 0.040
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Fig. 4. Experiment 2 results. (A) Mean idleness judgments by group size, workload,
and bottlenecks. Participants’ idleness judgments align with results from Experiment 1,
and additionally show that idleness is more acceptable with fewer workstations. Error
bars represent standard errors. (B) Task efficiency model predictions, where idleness
acceptability (¥;ye.q,) is plotted for the same group sizes, workloads, and bottlenecks.
(C) Hypotheses from alternative models, which do not take into account environmental
bottlenecks when evaluating idleness.

-0.09], z = =2.70, p = 0.007). The effect of group size on idleness
judgments was reduced in larger groups, where there were more group
members than needed for the workload. The interaction between (2)
small group and bottleneck was also significant (# = 0.31, SE = 0.10,
95% CI = [0.11, 0.50], z = 3.09, p = 0.002). As shown in Fig. 4, the
effect of the number of workstations on acceptability judgments was
reduced in smaller groups, where there are not enough guests to fill
the workstations. Finally, there were significant interactions between
(3) low workload and bottleneck (8 = 0.38, SE = 0.10, 95% CI = [0.18,
0.571, z = 3.78, p < 0.001), and (4) high workload and bottleneck
(f = —0.252, SE = 0.10, 95% CI = [-0.45, —0.06], z = —2.53, p =
0.01). That is, the number of workstations had a greater effect on
idleness judgments with high workloads compared to low workloads.
Intuitively, this finding makes sense. When there is only one dish to
clean, or one carrot to chop, additional workstations should have little

effect on task completion. However, with more work to be done, more
guests can speed up task completion if more workstations are available.

None of the remaining interaction effects were significant: (5) low
workload and small group (8 = 0.23, SE = 0.12, 95% CI = [-0.01, 0.46],
z = 1.85, p = 0.06), (6) high workload and small group (§ = —0.05,
SE = 0.12, 95% CI = [-0.29, 0.19], z = —-0.40, p = 0.69), (7) high
workload and large group (f = —0.22, SE = 0.12, 95% CI = [-0.46,
0.02], z = —=1.79, p = 0.07), (8) large group and bottleneck (f = 0.03,
SE = 0.10, 95% CI = [-0.16, 0.23], z = 0.33, p = 0.74).

Similar to our model comparisons for Experiment 1, we evaluated
the explanatory power of each theoretical model and the necessity
of our predictors. The likelihood ratio test revealed that bottlenecks
were statistically significant, with a p-value of 0.040 for coded variable
x3. Our analysis revealed important interactions between bottlenecks,
workload, and group size. When workloads were high, acceptability
was primarily determined by the presence or absence of bottlenecks. In
contrast, for small groups, performance was predominantly influenced
by the workload level. These results indicate that removing workload,
group size, or bottlenecks would substantially diminish explanatory
power. In addition to these statistical tests, we computed the correlation
and RMSE for each model as an indicator of fit. Since these values
are computed from a small number of means corresponding to the
different conditions (a total of 18 for Experiment 2), the differences
across models are not statistically significant. Our task efficiency model
demonstrated the highest correlation (» = 0.853) and lowest root
mean square error (RM.SE = 2.809), best capturing trends in subject
responses. Full statistical details can be found in Tables 3 and 4.

Serial bottlenecks prevent division of labor, even with more avail-
able collaborators and tasks to be completed. These environmental
constraints, such as a limited number of tools or workstations, inher-
ently limit the marginal impact an additional group member can have,
regardless of how much work is left. Therefore, if people consider task
efficiency when judging idleness, they should base their judgments not
only on workload and group size (as in Experiment 1), but also on
bottlenecks that inhibit parallelization. In Experiment 2, we found that
both workload and group size were significant predictors of idleness
acceptability, replicating our results from Experiment 1. Additionally,
the number of workstations predicted participants’ judgments. Partic-
ipants judged idleness to be less acceptable with more workstations
— and thus fewer bottlenecks to parallelization — across varying
workload levels and group sizes. Lastly, we found interactions between
bottlenecks, workload, and group size that are qualitatively captured
by the task efficiency model. Intuitively, participants’ judgments reflect
that the benefit of adding workstations is limited by workload and
group size.
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Fig. 5. Experiment 3 results. (A) Mean speedup predictions by workload and group size. Participants predicted that an idle collaborator would have a greater impact on a task

being performed faster in scenarios with smaller groups and larger workloads. Error bars

represent standard error. (B) Inverse relationship between idleness acceptability and

speedup. Participant judgments of idleness were inversely correlated with predictions of task speedup (r = —0.98,p < 0.001), indicating that people judge idleness more harshly

when the idle guest could have sped up the task more.

6. Experiment 3: Inverse relationship between speedup predic-
tions and idleness acceptability

In the previous sections, we found significant effects of the variables
that impact task parallelizability — group size, workload, and resource
bottlenecks — on people’s judgments of idleness during a collaborative
task. However, up until this point we have assumed that speedup is
the latent factor driving these judgments. In our third experiment, we
directly test this assumption by explicitly asking subjects to estimate
how much faster they believe the task would have been completed if
the idle collaborator had contributed.

6.1. Methods

As in Experiments 1 and 2, participants were presented with dinner
party scenarios where all agents except for one idle guest were actively
engaged in a task. Participants were asked to evaluate how much faster
the task would have been completed if the idle guest had helped. The
anonymized preregistration, which includes experimental design, data
collection procedures, and our primary subject-level analysis, can be
found at https://aspredicted.org/34r2-573j.pdf. The experiment was
performed with IRB approval (IRB # 15959); all participants provided
informed consent prior to the experiment.

6.2. Participants

We recruited 300 English-speaking adults from the Prolific platform
in exchange for monetary compensation ($1.20 for a 6 min experiment).
Sixteen participants who failed an attention check were excluded from
subsequent analysis, resulting in a total of 284 participants (132 male,
145 female; mean age = 41.4, SD = 14.2).

6.3. Stimuli

To maintain consistency with previous experiments, we used the
same set of 18 stimuli from Experiment 1 that varied along two in-
dependent dimensions across two kitchen scenarios: (1) workload (1,
4, or 8 units of work), and (2) group size (1, 2, or 6 agents).

6.4. Procedure

Participants were informed that every trial stimulus represented a
different dinner party with new guests. In each trial, participants were
told that the red agent remained seated at the table for the duration of
the task. They were then asked to rate how much faster the task would
have been completed if the red guest had contributed. Participants
reported their judgments on a Likert scale from 1 (not faster) to 10
(much faster). Experiment 3 can be accessed at https://em.velezlab.
opalstacked.com/Experiment3/.

6.5. Analysis

We analyzed our data using a linear mixed-effects model that pre-
dicted continuous judgments of task speedup, y; € [1, 10], as a function
of the discrete fixed effects of workload x; and group size x,. Sim-
ilar to the analysis in Experiment 1, workload and group size were
each coded using two binary indicator variables measured against the
baseline medium level (4 plates/carrots for workload, and 4 agents
for group size). We also included all interactions between workload
and group size levels, a fixed intercept term, random intercepts across
participants, and residual error. These analyses were performed using
Python’s statsmodels, NumPy, and pandas packages.

6.6. Results

Results from Experiment 3 are presented in Fig. 5. There were
significant main effects of workload and group size, as well as a highly
negative correlation between speedup predictions in Experiment 3 and
idleness acceptability judgments in Experiment 1.

First, we found that participants predicted greater speedup if the
idle guest participated in smaller groups. As group size increases,
the potential speedup that could be gained from an additional agent
participating decreases. In particular, we found that participants judged
speedup to be fastest with smaller groups, compared to medium groups
(B, = 3.042, SE = 0.14, 95% CI = [2.77,3.32], z = 21.84, p < 0.001), and
slowest in large groups compared to medium-sized groups (#,, = —1.30,
SE = 0.14, 95% CI = [-1.58,-1.03], z = =9.35, p < 0.001). Next, we
found that participants predicted that an idle agent would speed up
a task most given high workloads. In particular, participants judged
potential speedup to be greatest in high workload scenarios compared
to the baseline medium workload (f,, = 0.82, SE = 0.14, 95% CI
=1[0.55,1.01], z = 5.92, p < 0.001), and lowest in low workload scenarios
compared to the baseline medium workload (§, ; = —1.61, SE = 0.14,
95% CI = [-1.88,—1.34], z = —11.55, p < 0.001).

Some of the interactions between workload and group size had
significant effects on speedup predictions, specifically in scenarios with
the lowest workload level. The effect of low workload was reduced
in smaller groups (§ = -1.28, SE = 0.20, 95% CI = [-1.67,-0.90],
z = —6.52, p < 0.001) and increased in larger groups (f = 1.18, SE
= 0.20, 95% CI = [0.79,1.56], z = 5.96, p < 0.001), which reflects
the previous finding in Experiment 2 that judgments of speedup and
idleness change when there are more guests than the amount of work
needed to be done. There were no significant interactions between
high workload and small groups (f = -0.34, SE = 0.20, 95% CI =
[-0.72,0.05], z = —1.71, p = 0.09) or between high workload and large
groups (f = 0.23, SE = 0.20, 95% CI = [—0.16,0.62], z = 1.17, p = 0.24).
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(A) Example Test Trial (Without Spatial Affordances)
The students need to type up these flashcards using the
available computers. The red student does not contribute.
How acceptable is this behavior?
Students
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(B) Mean Idleness Judgments Across Workloads and Group Sizes
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Fig. 6. Experiment 4 results. (A) An example trial from the experiment. Participants were shown different groups of students, numbers of computers (bottlenecks), and flashcards
(workload), and asked to evaluate an idle collaborator’s behavior. (B) Mean idleness judgments by workload and group size. Participants predicted that it would be less acceptable
for a collaborator to remain idle in scenarios with smaller groups and larger workloads. (C) Mean idleness judgments by workload, group size, and bottleneck. Participants predicted
that it would be more acceptable for a collaborator to remain idle in scenarios with more available tools. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)
6.7. Speedup predictions versus idleness acceptability

Finally, to test whether participants’ judgments of idleness were
related to their perceptions of potential task speedup if the idle agent
contributed, we computed a Pearson correlation between mean ratings
of speedup in Experiment 3 and idleness acceptability in Experiment 1
aggregated by workload and group size. The analysis revealed a highly
significant negative correlation (r = —0.98,p < 0.001), suggesting that
conditions in which participants perceived the greatest potential speed-
up from an additional collaborator corresponded to idleness being less
acceptable. This result supports our hypothesis that participants’ judg-
ments of acceptability are systematically influenced by task efficiency,
even when speedup is not explicitly considered.

7. Experiment 4: Removing spatial affordances

There is a key factor in the kitchen scenes that is not accounted for
by our model’s predictions: spatial affordances. Larger groups face a
more difficult coordination problem because there is a greater chance
of colliding with another guest, thus complicating task completion.
Indeed, we see deviations between model predictions and participants’
judgments in Experiment 1; with larger groups, participants predict an
increase in the acceptability of remaining idle, even when the number
of available tools should make the ability for an additional guest to con-
tribute the same. In the final experiment, we remove this confound by
asking subjects to evaluate a collaborative scenario without spatial nav-
igation, in which students must type up vocabulary words using a set
number of available computers. This design highlights how structural
constraints on task decomposability and resource availability influence
collaborative judgments, even in the absence of spatial interference. As
a first step, it provides a controlled contrast to help explain when and
why the original task efficiency model deviates from human judgments.
Importantly, the scenario mirrors everyday collaborative contexts, such
as shared office work or group projects, where spatial constraints may
be minimal but coordination challenges persist.
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7.1. Methods

Participants were presented with group project scenarios where all
students except for one were actively engaged in the task. Participants
were then asked to evaluate how acceptable this idle student’s behavior
was. The anonymized preregistration, which includes experimental de-
sign, data collection procedures, and our primary subject-level analysis,
can be found at https://aspredicted.org/4669-44ng.pdf. The experi-
ment was performed with IRB approval (IRB # 15959); all participants
provided informed consent prior to the experiment.

7.2. Participants

We recruited 300 English-speaking adults from the Prolific platform
in exchange for monetary compensation ($1.00 for a 5 min experiment).
Seventeen participants who failed an attention check were excluded
from subsequent analysis, resulting in a total of 283 participants (121
male, 154 female, 4 non-binary; mean age = 38.9, SD = 12.7).

7.3. Stimuli

Participants were shown scenarios where a single student stayed
idle while their remaining group members typed up vocabulary words
using computers with flashcard software. In each scenario, we in-
dependently manipulated the number of students (group size), the
amount of work to be done (flashcards), and bottlenecks (computers).
In each scene, the red-colored agent was the idle student. The students,
computers, and flashcards were presented in three groups without
indicating spatial positions. We manipulated each scenario to reflect
low (1 flashcard), medium (10 flashcards), or high (100 flashcards)
workload, small (2 students), medium (4 students), or large (6 students)
group size, and small (2 computers) or large (6 computers) numbers
of tools. This approach resulted in a total of 18 unique stimuli, or
3 workload levels x 3 group sizes x 2 bottleneck levels, in a fully
within-participants design. Participants were presented the 18 stimuli
in random order. Representative stimuli are shown in Fig. 6A.
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7.4. Procedure

Participants were informed that every trial stimulus represented a
different group of students. In each trial, participants were that the
students need to type up these flashcards using the available computers.
The red student does not contribute. They were then asked to rate
how acceptable this behavior is on a Likert scale from 1 (completely
unacceptable) to 10 (completely acceptable). Experiment 4 can be
accessed at https://em.velezlab.opalstacked.com/Experiment4/.

7.5. Analysis

Analyses were performed using the same methods as Experiment
2. To analyze these effects, we employed a linear mixed-effects model
where the continuous output criterion was a judgment of idleness
acceptability, y; € [1,10].

7.6. Results

Results from Experiment 4 are presented in Fig. 6. There were signif-
icant main effects of workload, group size, and bottlenecks, replicating
the results of Experiments 1 and 2. Smaller group sizes produced a
significant decrease in idleness acceptability compared to the medium-
sized groups (f,; = —2.41, SE = 0.16, 95% CI = [-2.72, -2.11], z =
—15.33, p < 0.001), whereas larger group sizes than the medium baseline
led to a significant increase in idleness acceptability (f,, = 0.72, SE
= 0.16, 95% CI = [0.41, 1.02], z = 4.53, p < 0.001). Low workload
produced a significant increase in idleness acceptability compared to
the baseline of medium workload (f,; = 2.27, SE = 0.16, 95% CI =
[1.96, 2.58], z = 14.44, p < 0.001), whereas high workloads compared
to the medium baseline produced a significant decrease in idleness
acceptability (f;, = -1.16, SE = 0.16, 95% CI = [-1.47, —0.85],
z = =7.36, p < 0.001). We found that participants’ judgments were
also sensitive to the number of workstations available. In particular,
participants judged idleness to be less acceptable when there were
more workstations available (f; = —1.45, SE = 0.14, 95% CI = [-1.73,
-1.17], z = =10.09, p < 0.001). Together, these results provide further
evidence that, as workload increases and group size or number of
available tools decreases, idleness is judged to be less acceptable.

Some of the estimates for the fixed effects of the interactions be-
tween workload, group size, and bottlenecks were significant. Specifi-
cally, significant interactions were found in the following cases, which
qualitatively fit predictions from our task efficiency model: (1) low
workload and small group (f = 0.80, SE = 0.19, 95% CI = [0.42,
1.18], z = 4.14, p < 0.001). The acceptability of idleness tended to
increase with low workloads in small groups, since there was only one
flashcard to make. The interaction between (2) low workload and large
group was also significant (§ = —0.51, SE = 0.19, 95% CI = [-0.89,
—-0.13], z = -2.65, p = 0.008). The effect of group size on idleness
judgments was reduced in larger groups, where there were more group
members than needed for the workload. The interaction between (3)
small group and bottleneck was also significant (f = 1.23, SE = 0.16,
95% CI = [0.92, 1.54], z = 7.78, p < 0.001). The effect of the number of
computers on acceptability judgments was reduced in smaller groups,
where there are not enough guests to fill the workstations. There were
also significant interactions between (4) low workload and bottleneck
(p = 0.78, SE = 0.16, 95% CI = [0.47, 1.09], z = 4.95, p < 0.001).
Again, the number of workstations had a lower effect on idleness
judgments with low workloads, since additional computers should have
little impact if there is only one flashcard to create.

None of the remaining interaction effects were significant: (5) high
workload and bottleneck (§ = —0.27, SE = 0.16, 95% CI = [-0.58,
0.03], z = —1.74, p = 0.08), (6) high workload and large group (f =
—0.20, SE = 0.19, 95% CI = [-0.58, 0.18], z = —1.02, p = 0.31), (7)
large group and bottleneck (f = —0.32, SE = 0.16, 95% CI = [-0.63,
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Table 5

Model performance in Experiment 4.
Model Spearman (r) RMSE
Efficiency 0.983 0.471
Workload 0.949 0.816
Workload effort 0.949 0.816
SL linear 0.246 3.055
SL nonlinear 0.246 3.055
Norms —-0.246 4.000

Table 6

Predictor significance in Experiment 4.
Predictor LR p-value
Low workload (x; ) 1139.804 <0.001
High workload (x;,) 241.558 <0.001
Small group (x,,) 372.071 <0.001
Large group (x,,) 19.271 <0.001
Bottleneck (x;) 360.180 <0.001

0.00], z = =2.02, p = 0.044), and (8) high workload and small group
(8 =0.39, SE = 0.19, 95% CI = [0.01, 0.77], z = 2.02, p = 0.043).

Experiment 4 eliminated the spatial confounds present in previous
kitchen-based scenarios by examining judgments about students typing
vocabulary words with limited computers. The results showed signif-
icant main effects of workload, group size, and bottlenecks, strongly
aligning with model predictions and providing an even closer match
to model predictions than Experiment 1. Smaller groups and higher
workloads decreased the acceptability of idleness, while larger groups
and lower workloads increased it. The availability of workstations
also influenced judgments, with more workstations leading to lower
acceptability of idleness.

Similar to our model comparisons for Experiments 1 and 2, we
evaluated the explanatory power of each theoretical model and the
necessity of our predictors. The likelihood ratio test revealed that all
three variables in the task efficiency model were statistically significant
predictors of subject responses (p < 0.001). Additionally, our task
efficiency model demonstrated the highest correlation (r = 0.983) and
lowest root mean square error (RM SE = 0.471). Full statistical details
can be found in Tables 5 and 6.

7.7. Modeling coordination costs

Given that the first three experiments present agents in spatial
environments, and in Experiment 4 agents perform a cognitive task,
can the task efficiency model predict differences in “coordination costs”
that people attribute to different kinds of collaborations? For example,
larger teams may face additional coordination costs in spatial envi-
ronments in order to prevent colliding with one another and blocking
the space. Collaborations may additionally involve ambiguity about
who should perform which subtask, contributing to coordination over-
head that is not captured by the idealized assumptions of Amdahl’s
Law (Dessein & Santos, 2006). To explore potential deviations between
the task efficiency model and participants’ idleness judgments across
environments with differing coordination complexity, we conducted
an exploratory analysis to augment the model with a coordination cost
coefficient a, such that ¢ = a - (N — 1). This parameter scales with
larger group sizes, capturing the more complex coordination challenges
that arise as more agents are coordinating their behaviors. It assumes
that coordination overhead grows linearly with the number of team
members, preserving the interpretability and structure of Amdahl’s Law
while accounting for realistic deviations due to constraints on team
performance. Specifically, this coefficient constrains the speed-up for
each subtask via:

min(n, b;)
c-min(n—1,b;)

€©)

s(n, by, a) =
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To evaluate model fit, we compared the baseline task efficiency
model (assuming no coordination cost) to the model including « for
Experiments 1 and 4. Both models used shared linear rescaling pa-
rameters (a,b) to account for differences in scale between the task
efficiency model and subject responses. The coordination cost model
fit the data substantially better: AIC decreased by 278.23 and BIC by
263.77 relative to the baseline, indicating improvement in explanatory
power.

These results confirm our hypothesis that participants implicitly in-
corporate coordination constraints when evaluating team efficiency. In
Experiment 1, group members were faced with additional coordination
challenges in order to move between the table, counters, and sinks.
Indeed, when fit to participants’ judgments using mean-squared error, «
was substantially larger for Experiment 1 (a; = 8.88) than 4 (a, = 4.84).
These results demonstrate that people attribute higher coordination
costs to spatial environments, which require division of labor as well
as coordination in physical space. This analysis supports the idea that
people evaluate idle collaborators with respect to both their counter-
factual impact on team throughput and the practical coordination costs
incurred by adding more agents. The coordination cost parameter offers
a principled way to quantify and compare collaboration friction across
environments, further strengthening the generality of our findings.

8. Discussion

Idleness is often perceived as group members selfishly withholding
effort during collaborations, thereby reducing group productivity. How-
ever, research in distributed computing systems offers an alternative
interpretation. Namely, adding collaborators to a task is not guaranteed
to speed up task completion, but depends on workload, current contrib-
utors, and serial bottlenecks that limit parallelization. Thus, individuals
may remain idle because their efforts will not help the group complete
tasks more efficiently. Here, we assess whether people consider task
efficiency when evaluating idle collaborators, and we present a model-
ing framework inspired by distributed systems to formalize factors that
likely influence structural constraints on collaborative performance.

We derived a task efficiency model, inspired by Amdahl’s Law,
that evaluates whether it is acceptable to remain idle based on how
much the idle collaborator’s contribution would have sped up task
completion. Our findings reveal a qualitative correspondence between
model predictions and participant ratings of idleness acceptability. The
model predicts that withholding effort is less acceptable in situations
with high workloads, smaller groups, and fewer bottlenecks to prevent
division of labor. We validated these predictions with idleness judg-
ments collected from 1124 participants across various scenarios (see
Fig. A.8). In Experiment 1, the model accurately captured expected
trends for workload and group size, including the plateau in medium-
sized groups due to the limited number of sinks and cutting boards.
Experiment 2 independently manipulated resource bottlenecks, reveal-
ing that participants judged idleness to be less acceptable when more
workstations were available—an effect also predicted by the model.
Experiment 3 provided direct evidence linking idleness judgments to
perceptions of task efficiency by showing a strong correlation between
participants’ estimates of potential task speedup and their evaluations
of idleness. Experiment 4 further validated this relationship by repli-
cating these effects in a scenario that removed spatial affordances and
contextual norms associated with dinner parties, demonstrating the
generalizability of our findings. Together, these findings demonstrate
that people evaluate idle collaborators based on the task speedup
that would have occurred if they had contributed. We also considered
several baseline models that take into account workload, typical social
loafing behavior, and normative social pressures. None of these models
presented a qualitative fit to the trends found in human responses.

Our results suggest that people evaluate idleness using counterfac-
tual reasoning, specifically by considering how group members could
have acted differently. This aligns with prior work on Counterfactual
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Simulation Models (Gerstenberg et al., 2023, 2018; Wu & Gerstenberg,
2024; Wu et al., 2023; Xiang, Landy et al., 2023). Our contribution is
to provide a domain-specific instantiation of counterfactual reasoning
grounded in principles from distributed systems. Although our model
does not simulate rich causal mechanisms, it allows us to reason
about a specific class of counterfactuals relevant to team efficiency:
How would task completion time change if an agent had contributed
differently, given current task constraints? By fixing structural features
like bottlenecks and workload, we quantify how much an individual’s
absence would delay group success. In this sense, distributed systems
theory helps formalize which counterfactuals are most relevant in
collaborative environments—those tied to functional interdependen-
cies and performance bottlenecks. This work complements existing
counterfactual models by demonstrating how focusing on structured
environments can yield precise, testable predictions about individual
contributions to collective outcomes. However, our current approach
models counterfactual impact under the simplifying assumption that
the actions of other agents remain fixed. Recent work on counterfactual
reasoning suggests that people may adopt more flexible, probabilistic
perspectives, where outcomes are uncertain and multiple alternatives
are considered (Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2012;
Quillien & Lucas, 2023). By this account, an idle collaborator may
be judged not just for what would have happened if they had acted,
but for how their presence could have made success more likely by
increasing the robustness of the group’s performance in the face of
potential failures. This reflects a broader intuition that collaboration is
not just about maximizing throughput, but also about reducing variance
and guarding against risk. Future work should extend our current
framework by modeling probabilistic group outcomes given that some
collaborators may fail, underperform, or refuse to cooperate, drawing
on ideas from fault tolerance and reliability in distributed systems to
capture the value of ‘backup’ agents (Cristian, 1991).

Our results provide initial evidence that theories from distributed
systems can provide a source of hypotheses about how humans nav-
igate the structural constraints that tasks and environments place on
collaborations (Vélez et al., 2023). By isolating these constraints, we
gain a principled way to predict how changes in task structure in-
fluence collective efficiency. This abstraction allows us to pinpoint
when social or cognitive factors must be invoked to explain deviations
from structural predictions. Thus, it is also important to consider what
aspects these models do not capture. Human groups are subject to
unique constraints that are not fully comparable to distributed com-
puting systems, including ambiguities in task allocation, limitations on
communication, differences in competence, power dynamics, social in-
ference, fairness, and fatigue (Baer & Odic, 2022; Hawkins et al., 2023;
Marjieh, Gokhale, Bullo, & Griffiths, 2024; Messeri, Bicchi, Zanchettin,
& Rocco, 2022; Xiang, Landy et al., 2023; Yu & Thompson, 2024).
Each of these constraints gives rise to dynamics that are distinctive
to human collaborations. For instance, participants were sensitive to
group size even when only one unit of work was present. In distributed
systems, the number of agents should not affect the time to complete
an isolated task, yet idleness was judged more acceptable in larger
groups. This result may reflect ambiguities in task allocation, since
unlike scheduling algorithms, human groups often lack clarity on task
assignments without explicit communication (Brennan, Chen, Dickin-
son, Neider, & Zelinsky, 2008; Davis & Burns, 2011). It is possible that
participants’ judgments take into account what will happen if none
of the guests stand up to complete the task, which is more probable
when there are only two agents present (Kwon, Zhi-Xuan, Tenenbaum,
& Levine, 2023). Another key distinction between human groups and
distributed systems is heterogeneity in individual capabilities. Unlike
identical computing nodes, people differ in skills, experience, and
task proficiency, which shape both actual performance and perceived
contributions (Jara-Ettinger, Gweon, Schulz, & Tenenbaum, 2016). For
example, expectations around acceptable idleness may vary between
children learning to cook versus novices unfamiliar with the task.
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One promising approach to modeling this variation is heterogeneous
job scheduling algorithms, which account for performance differences
across machines (Braun et al., 2001). Future work may explore to what
extent these algorithms capture how humans assess the contributions of
collaborators with varying skill levels.

Unlike distributed systems, participants’ judgments are also cer-
tainly influenced by social concerns, causing divergences from model
predictions. It may be counter-normative to avoid helping altogether,
even when doing so would have no impact on speedup. In Experiment
2, participants consistently overestimated the benefit of having more
workstations, suggesting that the presence of additional sinks increases
social pressure to contribute despite diminishing returns. Idleness was
judged especially harshly when the number of helpers exceeded the
number of sinks, such as when five agents were cleaning but only
one sink was available. In such cases, participants may infer that
group members are expected to signal helpfulness, regardless of actual
utility (Legare & Wen, 2014). These discrepancies between model pre-
dictions and subject responses, especially with higher workloads, larger
group sizes, and fewer tools, may also be accounted for by fairness
considerations, such as the expectation of turn-taking with higher work-
loads (Tabibnia & Lieberman, 2007; Xiang, Vélez and Gershman, 2023).
Culturally-specific norms may also influence idleness judgments, such
as whether an invited guest should contribute to housework (Cialdini
& Goldstein, 2004; Earley, 1989). Despite these limitations, distributed
systems theory supplements existing models of human collaboration
by giving us heuristics to evaluate structural constraints that environ-
ments, tasks, and group topologies place on the ability to distribute
labor and resources. Distributed systems provide a theoretical upper
bound on team performance, while models of human cognition explain
deviations from this upper bound by considering human goals and
rich psychological processes. We can begin to think of human groups
as natural distributed systems, encompassing some limited aspects of
distributed computing while also including unique properties of human
cognition.

Our work provides a starting point to examine collaborative be-
havior from a distributed systems perspective. Moving forward, this
work can be extended in at least three ways. First, our model makes
assumptions about the given tasks and environments that impose limi-
tations to its ecological validity. Because we designed stimuli that are
static screenshots of time-dependent tasks, we must approximate the
relative proportions of overall task time required to complete each
subtask. We should confirm the model’s validity and replicate these
findings in dynamic multi-player simulations (Shrout & Rodgers, 2018;
Yarkoni, 2022). Second, our framework establishes a computational
upper bound on division of labor that can be used to systematically
study active collaborative behavior. Given that people’s judgments
align with theoretical constraints on group efficiency, we can now
investigate how this understanding manifests in real-time collabora-
tions. Our model makes quantitative predictions that could be tested
in dynamic multi-player paradigms where participants allocate roles,
resources, and subtasks in real time. For example, in environments
like Overcooked (Carroll et al., 2019), we could examine how per-
formance compares to model predictions under different conditions.
Groups might deviate from optimal behavior when faced with differ-
ent kinds of tasks, skills, and scenarios. Third, our framework can
be extended to capture properties that are unique to human collab-
orations, such as how considerations of task efficiency may interact
with culturally-specific norms, as well as which aspects of collabora-
tion are shared with other species. Although explicit punishment of
non-cooperators does not apply to primates (Riedl, Jensen, Call, &
Tomasello, 2012), research suggests that some species may regulate
cooperation through fairness-like processes such as disadvantageous
inequity aversion (Brosnan, 2011; McAuliffe & Thornton, 2015). Our
task efficiency framework provides a quantitative foundation for ex-
ploring these evolutionary questions by establishing a baseline against
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which both human and non-human collaborative behaviors can be
systematically compared and contrasted.

Collaboration enables humans to achieve goals that no one indi-
vidual could do on their own. However, finding ways to efficiently
combine our efforts is itself a challenge. Here, we propose that dis-
tributed systems provide a rich source of hypotheses about how the
structure of collaborative groups impacts performance, and we find
that theories inspired by these systems capture human judgments about
when it is acceptable not to contribute to a collaborative task. Put to-
gether, our work provides the first steps towards understanding human
collaborations as a natural distributed system.

CRediT authorship contribution statement

Elizabeth Mieczkowski: Writing — review & editing, Writing —
original draft, Visualization, Validation, Software, Resources, Method-
ology, Investigation, Formal analysis, Data curation, Conceptualiza-
tion. Cameron Turner: Validation, Methodology, Formal analysis. Na-
talia Vélez: Writing — review & editing, Supervision, Conceptualiza-
tion. Thomas L. Griffiths: Writing — review & editing, Supervision,
Conceptualization.

Resources for reproducibility

The full stimulus set, behavioral dataset, and codebase can be found
at https://github.com/emieczkowski/IdleCollaborators.

Acknowledgment

This work was supported in part by the Department of Defense
(DoD) through the National Defense Science and Engineering Graduate
(NDSEG) Fellowship Program and a grant from the Templeton World
Charity Foundation.

Appendix. Supplemental materials

Effect of Distance to Workstations on Idleness Acceptability
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Fig. A.7. Experiment 5 Results. The distance of the idle agent from the workstations
needed to complete the task was varied across workloads (1, 4, 8) and group sizes (2,
4, 6) in both Dish Clean-Up and Salad Preparation. There was a small but significant
effect when the agent was farther from the workstations, but not when the agent was
closer, versus the medium distance condition. This finding suggests that subjects take
spatial information and potential effort into account when evaluating idleness, but that
these effects are small compared to the effects of workload, group size, and bottlenecks.
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(A) Dish Clean-Up Scenario

(i) Experiment 1 Model Predictions
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Fig. A.8. Model predictions and experimental results by scenario. (A) In Dish Clean-Up, participants were told that all guests except for the red agent brought their plates (workload)
to the sink(s) and then washed them. In Experiment 1, workload and group size were varied, while the number of bottlenecks was fixed at 1 sink. (B) In Salad Preparation,

participants were told that all guests except for the red agent washed the carrots (workload) in the sink and then chopped them on the cutting board(s).

(For interpretation of

the references to color in this figure legend, the reader is referred to the web version of this article.)

A.1. Power analysis

To determine our target sample size, we conducted a simulation-
based power analysis. This approach used parameter estimates drawn
from pilot data for 40 subjects to simulate synthetic datasets across a
range of sample sizes. Specifically, we simulated responses for our pre-
registered linear mixed-effects model that included random intercepts
for participants and fixed effects for our hypothesized predictors and
their interactions. We then fit the same mixed-effects model to each
simulated dataset and recorded the proportion of simulations (out
of 100 per sample size) in which each coefficient reached statistical
significance at or below 0.05. Once the sample size exceeded 300
subjects for Experiment 1, the power to detect our key fixed effects
stabilized above 90% (higher than the commonly recommended 80%
threshold). We repeated this analysis and found similar results above
90% for each experiment’s pilot sample. We therefore chose N = 300
as the sample size for all of our experiments in this study.

A.2. Manipulating idle agent’s effort by distance

In an earlier version of this experiment, participants were presented
with a series of dinner party scenarios in which the idle agent’s distance
from the relevant workstation was randomized. Participants were asked
to evaluate the acceptability of this agent’s social loafing behavior. The
preregistration can be found at https://aspredicted.org/1CP_G81. We
found similar but weaker effects to Experiment 1 in regards to workload
and group size. In the later iterations of these experiments found in this
paper, we fixed distance to reduce variance.

We examined whether the idle agent’s distance from the worksta-
tions affected subject judgments of idleness acceptability. An ANOVA
on acceptability ratings across the three distance conditions (small,
medium, large) revealed a significant main effect of distance, F(2,5044)
= 12.57,p < 0.001. As shown in Fig. A.7, participants deemed idleness
more acceptable when the idle agent was a larger distance (M =
5.77,SE = 0.06) compared to medium (M = 541,SE = 0.07) or
small (M = 5.35,SE = 0.07) distances. To account for random
variation across participants, we also fit a linear mixed-effects model
with random intercepts for participants and found that only the large
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compared to medium distance reached significance (4 = 0.36, SE =
0.07, 95% CI = [0.23, 0.49], z = 5.29, p < 0.001). The small compared
to medium distance did not reach significance (§ = —0.05, SE = 0.07,
95% CI = [-0.20, 0.09], z = —0.72, p = —0.20). These findings show a
small but significant effect of the amount of effort required to complete
a task on idleness acceptability (see Fig. A.7).

Data availability

The data and analysis code supporting the findings of this study
are publicly available on GitHub at https://github.com/emieczkowski/
IdleCollaborators and are also listed in the “Resources for Reproducibil-
ity” section.
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