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Abstract

People routinely collaborate to accomplish goals more quickly,
but deciding who should do which tasks, and when, poses
a formidable coordination problem. How do people allocate
work across collaborators? Related problems have been studied
in distributed computer systems, where load balancing algo-
rithms divide heterogeneous tasks among processors with het-
erogeneous capabilities. Here, we investigate whether human
scheduling reflects sophisticated principles from load balancing
or simpler heuristics such as taking turns. In a restaurant man-
agement task, participants (𝑁 = 99) assigned customer orders
to chefs with heterogeneous processing speeds, either planning
schedules in advance or allocating tasks dynamically. People
substantially outperformed simple heuristics, discovering effi-
cient assignments that jointly accounted for collaborator and
task heterogeneity. We also uncover systematic biases, includ-
ing differences between upfront and sequential planning and
a preference for completing shorter jobs early. More broadly,
linking computational load-balancing theories with cognitive
theories of coordination offers a valuable framework for under-
standing human collaboration.

Keywords: collaboration; management; distributed systems;
efficiency; load balancing; division of labor

Introduction
Teamwork is a fundamental part of human cognition. From
kitchens and classrooms to emergency rooms and research
labs, people routinely collaborate to achieve better outcomes
(Pilgrim et al., 2025; Vélez et al., 2023). However, division
of labor is an inherently challenging problem. Some collab-
orators may be better suited to certain tasks than others, and
tasks themselves introduce additional complexities, includ-
ing deadlines, difficulties, and interdependencies. Critically,
these decisions must often be made continuously over time as
teams assign tasks, complete them, and face new demands.

Despite these challenges, human teams must allocate work
rapidly and effectively, whether coordinating who should cook
which dishes in a busy restaurant kitchen or dividing tasks dur-
ing a group project under a tight deadline. A central challenge
in these settings is scheduling work so that collaborators can
be productively engaged despite differences in task duration,
ability, and speed. Given the complexity of this problem, do
people rely on simple heuristics such as taking turns, or can
they flexibly adapt their allocations to task and team structure?

Closely related problems have been studied extensively in
computer science, particularly in the context of scheduling
and load balancing. In distributed computing, load balancing

algorithms allocate tasks across multiple servers in order to
minimize total processing time (also known as “makespan”)
(Sharma et al., 2008). Under realistic conditions, where jobs
are unpredictable, vary in size and type, and must be processed
by heterogeneous servers, optimal allocation is computation-
ally intractable (Braun et al., 2001; Selvakumar & Murthy,
1994). Practical systems must rely on sophisticated algo-
rithms that trade off efficiency, robustness, and computational
overhead. These algorithms thus provide a normative bench-
mark for coordination, specifying how teams should allocate
tasks over time under different structural constraints. Impor-
tantly, this framework is both evaluative and generative: it
identifies scenarios in which some strategies are better than
others, revealing which features people attend to when their
behavior aligns with predictions and diagnosing sources of
coordination failures when they diverge.

Here, we test this framework using a restaurant management
task (𝑁 = 99), in which participants allocate daily sequences
of customer orders across chefs with limited capacity and dif-
fering skills. We compare human allocations to normative so-
lutions from computer science and simple heuristic strategies.
We consider two experimental conditions: an offline setting,
in which participants must commit to a complete schedule
upfront, and an online setting, in which participants allocate
tasks sequentially as workers complete orders in real time.
Although the optimal allocation is identical in both cases, this
manipulation allows us to test how different cognitive con-
straints on planning shape human scheduling, and whether
people benefit from real-time observability. We find that peo-
ple substantially outperform simple heuristics in both regimes,
and that performance improves in online settings. By com-
paring judgments with different load balancing algorithms,
we further characterize systematic cognitive biases, such as
a preference to prioritize shorter jobs. These results suggest
that people can generate task allocations that perform well
beyond simple heuristics, systematically approaching norma-
tive strategies while accounting for both collaborator and task
heterogeneity. Together, our findings provide insight into how
people intuitively approach division of labor by drawing on
computational theories of load balancing to inform cognitively
plausible accounts of human coordination.

Background
Successful collaboration requires effective task scheduling:
dividing sequences of tasks between collaborators. In this
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Figure 1: Task allocation and load balancing. A. In collaborations, tasks vary in duration and collaborators vary in skill,
creating a nontrivial task allocation problem. B. To solve this problem, people could adopt a variety of simple strategies, such
as (i) taking turns, (ii) assigning each job to the collaborator who is best at it, or (iii) assigning an equal number of each job to
each person. C. In similar distributed computing problems, a centralized scheduler assigns incoming tasks to a heterogeneous
set of processors. D. The execution time matrix specifies how long each worker or processor requires to complete each task,
capturing heterogeneity in both tasks and collaborators. E. The makespan of an allocation (i.e. total completion time) is the
time when the last worker finishes all of its assigned tasks. More efficient allocations achieve shorter makespans.

section, we summarize existing cognitive science research
on this problem, as well as a related literature in distributed
computing—specifically, load balancing—which seeks to
solve a similar computational problem in groups of machines.

Human collaboration
Collaboration is fundamental to human progress; people con-
stantly work together to satisfy shared goals, yet these endeav-
ors pose substantial cognitive and organizational challenges
(Goldstone & Janssen, 2005; Vélez et al., 2023). Effective
collaboration requires solving multiple interdependent coor-
dination problems, including how to divide labor (Grosz &
Kraus, 1996), communicate and share information (Hawkins
et al., 2021), adapt to the dynamic states of collaborators over
time (Wu et al., 2021), and navigate resource and environment
constraints (Mieczkowski et al., 2025). These challenges are
further compounded by team heterogeneity. Collaborators
often differ in roles (Goldstone et al., 2024; Mon-Williams
et al., 2025) and skills (Xiang, Vélez, & Gershman, 2023),
shaping which divisions of labor are efficient or sustainable.
As a result, collaboration requires coordinating temporally in-
terdependent decisions across individuals under cognitive and
informational constraints (Griffiths, 2020).

Task decomposition and scheduling
At the core of these challenges lies the task scheduling prob-
lem: deciding who should do what, and when, to achieve

collective goals efficiently. Recent work examines how peo-
ple allocate a set of fixed tasks to collaborators depending on
accuracy (Marjieh et al., 2024), finding that people can suc-
cessfully converge to near-optimal strategies. Related work
finds that people account for task, skill, and fairness when col-
laborating with robots (Chang et al., 2020). However, despite
its centrality to collaboration, relatively little is known about
the cognitive principles that govern how people schedule se-
quences of tasks across multiple collaborators.

Related work has largely focused not on collaborative
decision-making, but on how individuals strategically de-
compose and simplify complex tasks in order to reduce
combinatorially-exhaustive problems. People can flexibly se-
lect heuristics depending on task contexts (Lieder & Griffiths,
2017), plan over long trajectories despite computational con-
straints (Callaway et al., 2022), and simplify and decompose
tasks to mitigate the massive cost of planning (Correa et al.,
2023; Ho et al., 2022). Importantly, this work suggests that
people can reduce otherwise massive planning problems into
feasible and tractable alternatives while maintaining efficiency
and accuracy. If these capacities generalize to collaborative
contexts, we might expect people to simplify the problem of
task scheduling in a way that still preserves efficiency.

Simple heuristic strategies
Because optimal scheduling is computationally demanding,
people may rely on simpler heuristics when deciding who
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should work on what. One natural strategy is to aim for
fairness by splitting work evenly across collaborators. Such
strategies may promote more equitable relationships and im-
proved worker well-being (Chen & Saxe, 2024; Scheel et al.,
2019), and can be implemented by taking turns or by equally
dividing tasks of each type between collaborators. A second
class of heuristics reduces computational complexity by ig-
noring task heterogeneity and focusing only on collaborator
competence. Prior work shows that people assign responsi-
bility based on perceived competence (Xiang, Landy, et al.,
2023) and use it to reason about how much effort they and
their collaborators should exert (Xiang, Vélez, & Gershman,
2023). Similarly, children strategically assign tasks to the
most competent collaborator, with a self-serving bias (Baer
& Odic, 2022). In our setting, a competence-driven heuristic
would involve assigning all tasks of a given type to the collab-
orator who is best at completing them. Finally, the simplest
possible strategy is to allocate tasks randomly. Although this
strategy ignores task and team structure, it provides a useful
baseline for assessing human behavior. Examples of these
heuristic strategies are illustrated in Figure 1B.

Load balancing algorithms

Although simple heuristics can solve the overall problem of
task scheduling, they fail to jointly account for collaborator
and task complexity. In distributed computing, load balancing
algorithms solve a similar set of problems by making tailored
assumptions about task characteristics and available informa-
tion. These assumptions either introduce additional structure
to the problem (Braun et al., 2008; Selvakumar & Murthy,
1994) or sufficiently restrict the solution space to permit ef-
ficient computation of the optimal allocation (Johnson et al.,
2016; Kafil & Ahmad, 1998). The diversity of the load bal-
ancing problem leads to multiple algorithms, each of which
result in different assignments (Ali et al., 2005).

The classical heterogeneous load balancing problem in-
volves mapping a set of independent tasks which are known
upfront to a set of available processors with fixed execution
times. Since both jobs and processors vary, this problem is
NP-hard, with no known polynomial-time algorithm for find-
ing optimal assignments (Braun et al., 2001). Similar to the
problem of human collaboration, one way that this problem’s
complexity can be reduced is by using simple heuristics that
assign tasks independent of processing time. The round-robin
algorithm, for example, allocates tasks in turn-based fashion
(Lundberg, 1991). Other simple heuristics allocate tasks by
type, ensuring that each processor receives a similar mix of
skills or task categories (Chang et al., 2020). More sophisti-
cated algorithms, such as Greedy, Min–Min, and Max–Min,
additionally depend on the duration of each task and the cumu-
lative execution time of the sequence of tasks already assigned
(Braun et al., 2001). A more detailed description follows in
the next section.

Theoretical Framework
Many real-world collaborations can be viewed as centralized
task scheduling problems, in which a decision-maker such as
a manager must distribute work across collaborators. Even
when all tasks are known in advance, this is a challenging
problem; work must be allocated over time to maximize effi-
ciency, avoid idleness, and account for both task and collabora-
tor disparities. Closely related problems have been studied in
load balancing. In this section, we formalize task scheduling
as a load balancing problem, specifically one with a central-
ized scheduler in a heterogeneous environment.

We consider a setting with 𝑛 = 2 processors executing a set
of 𝑚 independent tasks 𝑇 in parallel, with 𝑛 < 𝑚. Execution
times are specified by an 𝑛 × 𝑚 matrix 𝐸 , where 𝐸𝑖 𝑗 denotes
the time required for processor 𝑥𝑖 to complete task 𝑡 𝑗 . We
assume that both the set of tasks 𝑇 and the execution times 𝐸
are known at the time of the assignment. We define a valid
allocation as the 𝑛-tuple 𝐴 = (𝐴1, . . . , 𝐴𝑛), where 𝐴𝑖 is the set
of tasks assigned to processor 𝑖, and where the sets 𝐴1, . . . , 𝐴𝑛

are mutually exclusive and collectively exhaustive over𝑇 . The
completion time of an allocation is the time required for all
processors to complete their assigned tasks in parallel:

completion_time(𝐴) = max
𝑖

(
∑︁
𝑡 𝑗 ∈𝐴𝑖

𝐸𝑖 𝑗 ) (1)

The optimal allocation can be computed by enumerating
all 𝑛𝑚 assignments and selecting the one that minimizes to-
tal completion time (Kafil & Ahmad, 1998). Although this
exhaustive search guarantees optimality, it is combinatorially
expensive and infeasible except for very small problems. Prac-
tical systems therefore rely on polynomial-time heuristics that
approximate the optimal schedule.

A simple baseline is the Greedy heuristic, which assigns
each task to the processor that produces the smallest immedi-
ate increase in completion time (Lundberg, 1991). Formally,
for any task 𝑡 𝑗 , the assigned processor 𝑥𝑖 is chosen by

𝑖 = argmin
𝑖

©­«
∑︁

𝑡 𝑗′ ∈𝐴𝑖

𝐸𝑖 𝑗′ + 𝐸𝑖 𝑗
ª®¬ (2)

This strategy yields a locally optimal but globally suboptimal
allocation in 𝑂 (𝑛𝑚) time.

Two widely studied alternatives are the Min–Min and
Max–Min heuristics. These algorithms reason not only about
the current assignment but also about how heterogeneity in
tasks and processors shapes future bottlenecks. For each task,
both compute the earliest possible completion time across
processors, but differ in which task they prioritize next.

The Min–Min heuristic is “optimistic”, assigning first the
task 𝑡 𝑗 with the smallest earliest completion time

𝑗 = argmin
𝑗

min
𝑖

©­«
∑︁

𝑡 𝑗′ ∈𝐴𝑖

𝐸𝑖 𝑗′ + 𝐸𝑖 𝑗
ª®¬ (3)

to the processor that finishes it soonest. Intuitively, Min–Min
prioritizes short, easy jobs, rapidly completing small tasks
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 B.  Offline allocation: assigning tasks to collaborators requires upfront planning

A.  Experimental interface
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 C.  Online allocation: tasks are assigned in real time as collaborators idle 
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Figure 2: Restaurant management task. A. In this experi-
ment, participants act as “managers” of a restaurant, allocating
different sets of customer orders (tasks) to chefs with different
skills. B. In the offline condition, participants must plan the
entire schedule upfront at the beginning of the workday. C.
In the online condition, participants are able to allocate cus-
tomer orders in real time as chefs become available.

while postponing longer ones. In contrast, the Max–Min
heuristic assigns first the task with the largest earliest com-
pletion time

𝑗 = argmax
𝑗

min
𝑖

©­«
∑︁

𝑡 𝑗′ ∈𝐴𝑖

𝐸𝑖 𝑗′ + 𝐸𝑖 𝑗
ª®¬ (4)

again to the processor that completes it most quickly. By
prioritizing long jobs, Max–Min prevents difficult tasks from
becoming late stragglers that dominate the makespan. Both
algorithms run in 𝑂 (𝑛𝑚2) time and yield computationally
efficient approximations to the optimal schedule.

Methods
To test whether people rely on simple heuristics or more so-
phisticated strategies when scheduling tasks, we developed
a restaurant management task in which participants acted
as manager of a restaurant, deciding which of two chefs
should complete each customer order. Task heterogeneity
was operationalized as variability in the types and durations
of customer orders, while collaborator heterogeneity corre-
sponded to differences in processing times across chefs.

Participants completed simulated workdays by dragging
customer orders to one of the available chefs. In the offline
allocation condition, participants assigned all orders upfront
before observing their completion over time. In the online al-
location condition, participants assigned orders sequentially

as chefs completed them. When a chef finished an order, the
timer paused and the chef appeared idle until a new order was
assigned. In the online interface, participants also had the
option to send a chef home rather than assign them a task.
Although this behavior would never arise in the optimal allo-
cation, this feature prevented participants from being locked
into progressively worse allocations when making sequential
decisions. For instance, if a participant had made suboptimal
early assignments, forcing them to use a slow available chef
rather than waiting for a faster busy chef to finish could com-
pound the error. Figure 2 shows the interface presented to
participants during the task.

Participants. We recruited 100 English-speaking adults
from Prolific in exchange for monetary compensation. One
participant failed to complete all trials, resulting in a final
sample of 99 participants. No additional exclusion criteria
were applied in order to capture a broad range of intuitions
about the task. The experiment was approved by the Institu-
tional Review Board, and all participants provided informed
consent prior to participation.

Design and stimuli. Participants were presented with ten
workloads in randomized order that varied along two di-
mensions: task heterogeneity and collaborator heterogene-
ity. Each workload was selected to have a uniquely optimal
schedule with a standardized makespan of 200±20 time units.
Guided by an initial large-scale simulation of performance
across many combinations of workloads and processors (Fig-
ure 3A), we restricted the stimulus set to workloads for which
all sophisticated algorithms outperformed all simple heuris-
tics by at least 10 time units, and where either the Min-Min or
Max-Min algorithm achieved the optimal allocation.

Preregistration and key predictions. This study was pre-
registered prior to data collection at https://aspredicted.org/
w7ic6h.pdf. Specifically, we predicted two key hypotheses:
(i) people would significantly outperform any simple heuristic
strategy, and (ii) people would find more efficient allocations
in the online version of the task compared to offline.

Results
Optimal strategies depend on task and collaborator
heterogeneity
Do efficient allocations require jointly accounting for both
task and collaborator heterogeneity? As an initial test, we
used large-scale simulations as a normative baseline to assess
how these variables shape which strategies are optimal (Fig-
ure 3A). To begin, we simulated a set of 4000 randomly gener-
ated workloads, systematically manipulating two dimensions:
low versus high task heterogeneity and processor heterogene-
ity. Across all combinations, sophisticated scheduling algo-
rithms systematically outperformed simple heuristic strate-
gies. However, which sophisticated algorithm performed best
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A.  Large-scale load balancing simulations

Figure 3: Results. A. In a set of large-scale load balancing simulations, we randomly generated 4000 workloads that varied
in task and collaborator heterogeneity. We compare the makespan of the allocation resulting from each algorithm, and plot
the percentage of workloads from each category in which a particular algorithm produced the uniquely optimal allocation that
minimized the makespan. B. People perform generally well at the restaurant management task, making significantly more
efficient allocations than any of the simple heuristics in both the offline and online conditions (error bars: SEM). Participants
are more efficient on average in the online condition, when they can utilize real-time information about chef idleness to inform
their allocations. “Optimal" corresponds to the single best allocation, or also to the best-performing load balancing algorithm.
C. Load balancing algorithms reveal that people are biased towards faster progress. Participants are more closely aligned with
Min-Min algorithms than Max-Min in terms of both (i.) makespan and (ii.) allocation similarity (error bars: SEM).

depended on heterogeneity structure. The Min-Min algorithm
performed especially well in cases with low task heterogene-
ity, whereas the Max-Min algorithm more often produced
the best allocations when task heterogeneity was high. In-
tuitively, this finding makes sense. When task durations are
relatively heterogeneous, long jobs disproportionately deter-
mine the makespan, making it optimal to prioritize these tasks
early to prevent late-stage stragglers.

People allocate tasks efficiently
Participants substantially outperformed all predetermined
heuristic strategies, producing more efficient schedules with
shorter completion times across workloads (Figure 3B).
In both the offline and online conditions, human allo-
cations yielded significantly lower makespans than the
best-performing heuristic baseline for a given workload,
tested using one-sample t-tests against the heuristic-predicted
makespans (offline: M = −28.02, 𝑡 (49) = −15.95, 𝑝 < .001,
BF10 > 1018; online: M = −38.13, 𝑡 (48) = −47.06, 𝑝 < .001,
BF10 > 1039). This advantage suggests that participants were
able to jointly integrate information about workloads and col-
laborators in ways that exceeded the fixed assumptions en-

coded in the heuristic baselines.

Performance improves with real-time observability
In both conditions, participants converged on efficient solu-
tions that outperformed all heuristic strategies. However, they
performed significantly better in the online condition, using
real-time feedback about worker idleness to update their strate-
gies within trials (Figure 3B; compare Human (Offline) vs.
Human (Online)). We fit a linear mixed-effects model predict-
ing the human-heuristic makespan difference from condition
(offline vs. online), with random intercepts for participants
and workloads. Participants exhibited a significant advan-
tage in online scheduling compared to offline (𝛽 = −10.11,
𝑧 = −58.85, 𝑝 < .001), indicating more efficient task alloca-
tions when participants could update their decisions based on
ongoing feedback.

People preferentially prioritize shorter jobs
Comparing human allocations with the predictions of load
balancing algorithms provides a unique opportunity to test
and interpret potential biases in task scheduling. In two
exploratory analyses, we examined whether human sched-
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ules more closely resembled the Min-Min algorithm, which
prioritizes completing short jobs first, or the Max-Min al-
gorithm, which prioritizes longer jobs to prevent later bot-
tlenecks. First, we analyzed differences in makespan (Fig-
ure 3C(i)). Human allocations were significantly closer
to Min-Min than to Max-Min in both the offline condition
(𝑀 = −6.42, 𝑡 (49) = −6.35, 𝑝 < 0.001, BF10 > 105) and the
online condition (𝑀 = −10.77, 𝑡 (48) = −13.55, 𝑝 < 0.001,
BF10 > 1015). Second, we examined fine-grained similari-
ties between human and algorithmic assignments using the
Jaccard index, which measures how many task-worker assign-
ments are shared between two schedules relative to the total
number of distinct assignments across both (Figure 3C(ii)).
The sets of tasks assigned by participants to each worker
were significantly more similar to Min-Min than to Max-
Min in both the offline condition (𝑀 = 0.16, 𝑡 (49) = 14.80,
𝑝 < 0.001, BF10 > 1016) and the online condition (𝑀 = 0.13,
𝑡 (48) = 9.79, 𝑝 < 0.001, BF10 > 1010). Together, these anal-
yses indicate that participants systematically allocated tasks in
a manner consistent with Min-Min reasoning, favoring early
progress and shorter jobs, both in terms of performance out-
comes and assignment structure.

Statistical power
Post-hoc power analysis confirmed that all tests were sub-
stantially overpowered: observed effect sizes ranged from
Cohen’s 𝑑 = 0.91 to 6.66, and achieved power was 1.00 for
every primary and exploratory one-sample t-test. Bayesian
analysis using JZS priors (Rouder et al., 2009) corroborated
these results: Bayes factors for all comparisons were decisive
(BF10 > 105 in every case, reaching BF10 > 1039 for the
primary hypothesis in the online condition), confirming that
the evidence is robust independent of inferential framework.
Posterior distributions of Cohen’s 𝑑 under a flat prior showed
95% credible intervals entirely excluding zero for all effects.

Discussion
Task scheduling is a fundamental challenge faced by collab-
orative teams, and a daunting one. Theories from computer
science, specifically distributed computing, show that hetero-
geneity in tasks and collaborators introduces a combinatorially
complex problem. Despite this difficulty, human teams must
routinely divide labor to accomplish shared goals. Do people
solve this challenge by relying on simple heuristics like taking
turns to avoid cognitively costly planning, or can they generate
more sophisticated assignments that jointly account for task
and team structure?

In this work, we introduce a theoretical framework from
distributed systems—load balancing—that provides a norma-
tive baseline for which strategies should be optimal under
different forms of heterogeneity. In a preregistered behav-
ioral experiment, we find that people systematically produce
sophisticated task allocations that resemble these algorithms
and substantially outperform simple heuristics. We further
show that people benefit from real-time observability, which

allows them to take into account the dynamic states of col-
laborators. Finally, this framework provides an interpretable
lens for understanding systematic biases in human scheduling,
including a preference for completing shorter jobs early even
when longer ones ultimately create bottlenecks.

This work presents a preliminary bridge between human
collaboration and distributed computing, opening a genera-
tive space for future research in cognitive science. Here, we
focus on a specific class of problems in which the workload is
known upfront, tasks and processors are heterogeneous, and
a single centralized scheduler assigns tasks. Each of these
assumptions can be relaxed, yielding a range of theoretically
and empirically rich extensions. For example, what if the
system is “decentralized” with no manager, such that collab-
orators must claim and complete tasks simultaneously? Cen-
tralized systems with a single scheduler benefit from global
coordination, but suffer from bottlenecks such as waiting for
task assignments. Decentralized algorithms avoid these de-
lays at the cost of communication and consensus overhead
(Mieczkowski et al., 2026). Understanding how humans nav-
igate these trade-offs represents a promising direction for fu-
ture work. Another assumption that can be relaxed is the static
workload. Dynamic load balancing algorithms provide nor-
mative predictions for how tasks should be allocated in real
time if workloads are unknown or fluctuate. Studying how
humans approximate or deviate from these strategies offers a
natural extension of this framework. Similarly, what if work-
ers themselves are unknown or stochastic? In many real-world
settings, workers’ processing rates must be inferred from ex-
perience, and are noisy depending on fatigue, task-switching,
and failure. Ideas such as queueing theory, which accounts for
stochastic behavior of individual servers, could be extended
to predict outcomes under these constraints.

Throughout this work we have emphasized cases in which
people successfully approximate efficient scheduling strate-
gies. However, coordination is not always effortless, and
real-world collaborations frequently break down. Connecting
cognitive models of collaboration with normative predictions
from distributed computing helps explain not only when co-
ordination succeeds, but also where and why it may fail. This
framework offers a foundation not only for understanding col-
laborative success, but also for designing tools, interfaces, and
organizational structures that help teams anticipate, detect,
and correct coordination failures when they arise. Finally, a
natural step toward understanding the cognitive foundations of
collaboration is to move beyond comparing behavioral outputs
to algorithmic benchmarks, toward identifying the underlying
processes people actually use and characterizing naturalistic
“human” scheduling algorithms.

Code Availability

The stimuli, analysis code, and data used in this study
are publicly available at https://github.com/emieczkowski/
TaskScheduling_for_HumanCollab.
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