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Abstract

With rapid improvements in reasoning and accuracy, large lan-
guage models (LLMs) have gained more prominent roles as
decision-makers in social and organizational settings. This
makes it important to understand whether they adhere to the
same values as people about division of labor. Here, we test
whether LLMs and humans are aligned on task allocation prob-
lems, in which a set of tasks need to be assigned to collaborators.
These problems present a trade-off between efficiency (optimiz-
ing for metrics like output and completion time) and fairness
(where each collaborator must complete roughly an equal or
equitable share of the overall workload). In two experiments
we find that people and LLMs vary in how closely their stated
preferences between efficiency and fairness align. Humans and
LLMs frequently diverged from their stated preferences and
settled on similar allocations when actively determining an al-
location on their own. Our work identifies a value-action gap
in both humans and LLMs that influences the degree to which
LLMs align with social preferences.

Keywords: collaboration; fairness; efficiency; large language
models; social preferences

Introduction

The ability to collaborate underlies the success of most innova-
tions in history (Henrich, 2016; Vélez et al., 2023). However,
collaboration itself requires solving many additional prob-
lems. One key challenge is task allocation: how to assign
jobs to different collaborators given varying task demands,
skills, and preferences. While there are many ways to dis-
tribute responsibilities depending on a group’s priorities, task
allocation commonly poses a tension between efficiency, or
minimizing the total time required to complete all tasks, and
fairness, which itself can reflect multiple principles such as
equality and equity (Colquitt et al., 2001; Corbit et al., 2021).
The fairness-efficiency trade-off becomes especially salient
when collaborators differ in skill or productivity (Liang &
Wang, 2025). While allocating more work to a highly skilled
collaborator improves total output, it leads to inequalities in
workload. Failing to properly balance these trade-offs can un-
dermine group cohesion, satisfaction, and performance (Rea
et al., 2021). Understanding how people resolve these trade-
offs is therefore crucial for understanding how people collab-
orate, and for for designing useful artificial collaborators.
Recently, large language models (LLMs) have been de-
ployed in social and economic roles, including workforce
scheduling, managerial decision support, and employee eval-

uation (Sapkota et al., 2026). As a result, LLMs are be-
ginning to make and influence the same kinds of allocation
decisions that human collaborators routinely face (Muruga-
doss et al., 2025). Although recent work suggests that LLMs
can solve decision-making tasks similarly to humans (Binz &
Schulz, 2023), other studies show systematic divergences be-
tween LLMs and humans in distributive preferences, such as
monetary allocation (Hosseini & Khanna, 2025). It therefore
remains unclear whether LLMs align with human social pref-
erences in task-allocation decisions that trade off fairness and
efficiency under realistic productivity constraints. As these
models become embedded in systems that mediate interac-
tions between people, understanding how LLMs reason about
fairness—efficiency trade-offs is increasingly important.

In this paper, we examine how humans and LLMs allocate
tasks when faced with explicit fairness-efficiency trade-offs.
In Experiment 1, we present participants and a suite of LLMs
with choices between pairs of task allocations across a range of
collaborative vignettes. We find that human preferences vary
with the context of the vignette, but overall tend to favor fair
allocations over more efficient ones. In contrast, LLMs exhibit
substantial heterogeneity in their alignment with human fair-
ness judgments when presented with the same decisions. In
Experiment 2, we examine how humans and LLMs construct
task allocations when optimizing for fairness or efficiency.
Although people and LLMs rely on different operational defi-
nitions of fairness, their fair allocations often converge due to
small, permissible deviations from their preferred solution to
partially satisfy alternative metrics. By studying how LLMs
make decisions regarding these trade-offs, we aim to under-
stand whether these judgments align with those of humans.

Background

Human collaboration and fairness

The benefits of teamwork depend jointly on the task itself
(Mieczkowski et al., 2025), how fairly group members are
treated (Chang et al., 2020; Liang & Wang, 2025), and how
fairness is defined. Children, for example, develop fair re-
source allocations that take into consideration merit (Koskuba
et al., 2018; Rizzo et al., 2016) or the welfare of others (Cor-
bit et al., 2021) depending on the context. While people also
perceive equity-based task allocations as fair when tasks vary
in difficulty (Liang & Wang, 2025), they tend to produce al-
locations that prioritize the equal division of labor in a visual
search task (Wahn & Wiese, 2025). In collaborations with a
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Figure 1: Experimental framework. A. In a task allocation problem, a manager needs to divide a task between collaborators.
For example, how should two chefs split up their shift? B. A fair allocation might require both chefs to work the same amount
of time, even though one is faster. C. An efficient allocation may instead exploit the faster worker, asking them to work more. D.
In Experiment 1, participants and LLMs were presented with collaborative vignettes. In each scenario, they rated how fair two
given allocations were, and which they preferred. E. In Experiment 2, participants and LLMs were asked to directly make these
allocations themselves while optimizing for either fairness (“employee satisfaction") or efficiency (“customer satisfaction").

discrete set of tasks, metrics for equality can be further distin-
guished by differences in group members’ skills, the amount
of tasks, and specialization (Chang et al., 2020). However, in
motor movement tasks, people systematically preferred max-
imizing group efficiency over fairness (Strachan & Torok,
2020). Furthermore, fairness perceptions depend on the pro-
cess through which an allocation is determined. People often
perceive algorithmic decision-making, including the use of
LLMs, as unfair because it reduces accountability (Binns et
al., 2018) and limits worker’ control over the process (Colquitt
et al., 2001). These variations complicate our understanding
of how people perceive fairness in different circumstances,
especially when these decisions are delegated to LLMs.

Social preferences in LLMs

In addition to imitating human judgments across psychologi-
cal experiments (Binz & Schulz, 2023; Dillion et al., 2023),
LLMs frequently align with human preferences along many
dimensions, including safety (Guan et al., 2025), moral values
(Tennant et al., 2025), and social biases (Acerbi & Stubbers-
field, 2023). Recent work, for example, shows that LLMs
replicate human tendencies to emphasize socially desirable
traits when under evaluation (Salecha et al., 2024). Value
alignment is crucial for LLMs to collaborate closely with hu-
mans (Khamassi et al., 2024). However, the ability of LLMs to
approximate these preferences in humans is brittle, and often
depends on the prompt structure and context (Agarwal et al.,
2024). Related work in resource allocation finds that LLMs

tend to prioritize efficiency-based allocations contrary to hu-
man preferences for equitable solutions (Hosseini & Khanna,
2025). Furthermore, LLMs often demonstrate value-action
gaps, in which a model’s stated preference may fail to pre-
dict its action (Shen et al., 2025). Our paper extends these
results to understand whether LLMs apply similar fairness
preferences as humans to predictably create a fair allocation.

Balancing trade-offs in LLMs

A burgeoning area of research aims to understand how LLMs
reason about trade-offs and optimize for multiple objectives
(Liu et al., 2025; Q. Zhang et al., 2024). When presented
with the option to produce honest or socially-acceptable re-
sponses LLMs were found to prioritize usefulness (Murthy
et al., 2025). Faced with the classic dilemma between ex-
ploration and exploitation, LLMs reproduce a mix of directed
and random exploration strategies often observed in humans
(Z. Zhang et al., 2024). This ability to resolve conflicting val-
ues allows LLMs to reinforce an understanding of individual
social values and their appropriate contexts (Liu et al., 2025).

Theoretical Framework

People often collaborate in order to improve collective effi-
ciency, but doing so requires determining how responsibili-
ties should be divided among group members. We formalize
efficiency as the rate at which a group completes work:

group throughput

efficiency = —
Y completion time

(D
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Efficiency under sequential work

In some collaborative settings, workers contribute sequen-
tially under a fixed time horizon. A common example is shift
scheduling, in which N workers are allocated time intervals ¢;
within a total available time #,), and complete work at rates
r;. In this scenario, efficiency is limited by:

N N
group throughput = Z rit;  s.t. Z t; < tiotal 2)
i=1 i=1

Efficiency under parallel work
In other settings, workers operate in parallel on a fixed set of
tasks. Here, each worker i completes assigned tasks A; € T,
where task j requires time ¢;;. Efficiency is determined by the
time required to complete the entire workload:
completion time = ml_ax Z tij 3)
JEA;

Fairness constraints on efficiency
In both regimes, purely efficiency-maximizing allocations
may violate fairness considerations. We model fairness as
a constraint on allocations. In sequential settings, fairness
may be defined over time allocations:
1=2 )
1 +1p

In parallel settings, fairness may instead be defined over
task assignments:

Fiime =

|A1l - |Aa]
Fequatity = —— 77— (5)
q y |T|
or relative to worker capabilities:

|A1NSi|  [A2N Sy
Fcapability = |S] | - |Sz| (6)

where §; is the set of tasks at which worker i is fastest. For
each metric, F = 0 indicates a "fair" allocation.

These formulations distinguish two classes of task alloca-
tion problems and formalize how efficiency and fairness trade
off in each. Experiment 1 examines how humans and LLMs
judge prespecified allocations in sequential work settings with
a shared resource bottleneck, while Experiment 2 tests how
agents construct allocations in parallel work settings.

Experiment 1: Comparing human and LLM
fairness-efficiency preferences

When given the choice between a fair and efficient division of
labor, do LLMs align with people? We first aim to understand
human versus LLM preferences across a series of vignettes
with a binary choice between a fair and efficient allocation.

Methods

Participants. Werecruited 50 English-speaking adults from
Prolific in exchange for monetary compensation ($1.60 for a
5-8 minute experiment). Four participants failed to com-
plete attention checks, resulting in a final sample of 46 par-
ticipants. The experiment was approved by the institutional
review board. All participants provided informed consent.

Design and stimuli. We developed eight vignettes describ-
ing a task allocation problem with a shared resource (“se-
quential work™; Figure 1D). The vignettes span a range of
collaborative contexts, such as running simulations on a com-
puter, volunteering at a booth, or allocating work hours during
a shift. In each scenario, the two workers differ in their task
completion rates such that fairness is quantified by Fijye and
efficiency is determined by the workers’ final output. Partic-
ipants are presented with two alternative allocations: Option
A schedules both workers for equal amounts of time (fair) and
Option B assigns more time to the faster worker to increase
total output (efficient). Each allocation specifies the resulting
output. For each vignette, participants rated perceived fairness
of each option on a 7-point Likert scale and indicated which
they would prefer to implement. To capture relative fairness
judgments, we also computed the difference between the rat-
ings assigned to Options A and B (A-B), which quantifies
participants’ comparative assessment of the two allocations.

LLM Comparison. We selected six widely-used LLMs
(non-reasoning: GPT-40, Claude-Sonnet-4.5, Llama-3.1-
70B; reasoning: GPT-5, Gemini-2.5-Pro, Grok-4-Fast). Each
model was prompted with the same instructions and vignettes
as human participants using a temperature of 0.5 and a seed
of 1. We queried each model 30 times per vignette.

Results

People favor fair allocations unless they conflict with col-
lective goals. Do people prefer task assignments that are ef-
ficient or fair? In this exploratory analysis, we first verified that
our vignettes instantiated a genuine fairness—efliciency trade-
off (Figure 2A). Participants consistently rated the equally
split allocation as more fair (mean difference = 3.38, 1(45) =
14.67, p < 0.01). We then tested whether people preferred the
fair or efficient allocation (Figure 2B). Participants favored the
fair option in all but one vignette (mean proportion = 0.58,
t(45) = 1.9, p = 0.03), in which participants were explicitly
told that their team would fail to complete their goal if all
collaborators worked equally.

LLMs exhibit varying alignment with human preferences.
Do LLMs exhibit fairness preferences similar to those of peo-
ple? We compared model predictions with human judgments
along two complementary dimensions: (i) perceived fairness
ratings (Table 1), and (ii) allocation preferences, quantified
as the correlation between model and human choices across
vignettes. Models differed substantially in how closely they
matched human fairness judgments (Table 1). Llama-3.1-
70B and Gemini-2.5-Pro showed the strongest alignment with
people, followed by Claude-4.5. GPT-40 and Grok-4-Fast
exhibited moderate alignment, while GPT-5 showed weaker
and less reliable associations. Preference alignment showed
a similar but noisier pattern: Gemini-2.5-Pro was the only
model to exhibit a significant correlation with human choices
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Figure 2: Experiment 1 results. A. Participants reliably
rated equitable allocations as fairer than more efficient ones,
confirming that the vignettes elicited a trade-off (error bars:
SEM). B. In binary choices, participants tended to prefer the
equitable allocation. C. In contrast, models exhibited hetero-
geneous preferences (error bars: SEM).

(r(6) = 0.80, p = 0.02), whereas other models showed mod-
erate or weak correspondence due to prioritizing efficiency
(r(6) = 0.21 — 0.56, p = 0.15 — 0.63; Figure 2C). No-
tably, Llama-3.1-70B exhibited a strong dissociation between
judgment and preference. Despite closely matching human
fairness ratings, it demonstrated less alignment with prefer-
ences (r(6) = 0.39, p = 0.34). Follow-up analyses revealed
a significant negative coupling between fairness and choice
(r(6) = —0.73, p = 0.04), indicating that its decisions were
systematically driven by efficiency rather than fairness.

Summary

These results indicate that people systematically prefer fair-
ness, even when it sacrifices some efficiency that could be
gained by exploiting differences in skill. LLMs largely dif-
fered in how well they captured these fairness judgments.
While some models closely tracked human fairness ratings,
they nevertheless prioritized efficiency more than people when
selecting which allocation to implement.

Experiment 2: Comparing human and LLM
task allocations

Do humans and LLMs make similar judgments when con-
structing an allocation that optimizes for fairness or effi-
ciency? In Experiment 2, we test how humans and LLMs ap-

Table 1: Pearson correlations (r) between model-predicted
fairness and human judgments, with p-values in parentheses.

Model A B A-B

GPT-40 0.81 (.02) 0.54(.17) 0.76 (.03)
GPT-5 0.62 (.10) 0.37(.37) 0.53(.18)
Claude-4.5 0.91 (.00) 0.81(.01) 0.91(.00)
Gemini-2.5-Pro  0.96 (.00) 0.97 (.00) 0.97 (.00)
Llama-3.1-70B  0.99 (.00) 0.97 (.00) 1.00 (.00)
Grok-4-Fast 0.93 (.00) .63(.09) 0.87 (.00)

ply these fairness-efficiency preferences when dividing tasks
between collaborators in a "parallel work" environment.

Methods

Participants We recruited 50 English-speaking adults from
Prolific in exchange for monetary compensation ($5.00 for
a 20-25 min experiment). Six participants failed to com-
plete attention checks, resulting in a final sample of 44 par-
ticipants. The experiment was approved by the Institutional
Review Board, and all participants provided informed con-
sent. The study was preregistered prior to data collection at
https://aspredicted.org/yf9;8f.pdf.

Design and stimuli In the first two sections of the experi-
ment, participants assigned a set of orders to a team of two
chefs (Figure 1E). Participants were instructed to develop al-
locations that either minimized the chefs’ total preparation
time (efficiency) or balanced responsibilities across chefs (fair-
ness). In the third section, participants were presented with
a workload and two candidate allocations that balanced ei-
ther the number of orders assigned to each chef (Fequaity) Or
the number of orders related to a chef’s strength (Feapabiticy)-
Participants selected the allocation they judged to be fairest.
Across all sections, we used a fixed set of ten workloads, each
with ten orders. Workloads were constructed such that the
optimally efficient allocation was not fair and yielded a total
preparation time of 150 + 10 time units.

LLM Comparison We prompted the same set of LLMs
from Experiment 1 with a text-based version of the task. We
report results for a temperature of 0.5 and a seed of 1, and again
queried models 30 times over each workload and section.

Results

Fair allocations reduce efficiency. We first conduct a split
half reliability analysis using an odd-even split by workload.
Our results yield a strong correlation, indicating high relia-
bility on reporting human performance under both efficient
(rgp = 0.95) and fair (rgp = 0.94) conditions. Next, we fit
a mixed linear model predicting completion time under both
efficient and fair conditions (Figure 3A(i)). As expected, fair
allocations typically led to longer completion times than effi-
cient ones, a pattern observed across all agents and reaching
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Figure 3: Experiment 2 results. A.i. When instructed to optimize for efficiency, both people and LLMs produced faster
allocations than under fairness instructions. The efficiency—fairness gap was larger for people than for models (error bars
indicate SEM). A.ii. Under fairness instructions, both people and LLMs generated allocations with smaller disparities across
workers. In contrast, efficiency optimization led to disproportionate use of the faster worker. A.iii. When choosing between fair
allocations, people tended to favor an equality-based definition, whereas models showed substantial variation. B-C. Heat maps
show the similarity between human and model allocations relative to alternative algorithms.

significance for humans and most LLMs (Humans: 8 = 38.15,
z = 11.66, p < 0.01; GPT-40: B = 42.27, z = 11.17,
p < 0.01; Llama-3.1-70B: B8 = 23.89, z = 5.41, p < 0.01;
GPT-5: B = 6.10, z = 12.92, p < 0.01; Gemini-2.5-Pro:
B =837,z = 6.80, p < 0.01; Grok-4-Fast: B = 6.76,
z = 9.34, p < 0.01); Claude-4.5 shows a non-significant ef-
fect in the same direction (8 = 8.70, z = 1.82, p = 0.07). The
increase in completion time confirms a non-trivial trade-off
for problems that jointly optimize for fairness and efficiency.

Reasoning models find more efficient allocations than peo-
ple. When instructed to optimize for efficiency, reasoning
models (GPT-5, Gemini-2.5-Pro, and Grok-4-Fast) produced
allocations that significantly outperformed those generated by
people (GPT-5: mean difference = —32.34, t(9) = -6.92,
p < 0.01; Gemini-2.5-Pro: —31.99, #(9) = —6.86, p < 0.01;
Grok-4-Fast: —31.76, t(9) = —6.60, p < 0.01). Figure 3A(i)
shows lower average completion times for reasoning models
than for humans in both fair and efficient conditions.

Reasoning models favor efficiency even when prompted
for fairness. Given their strong performance under effi-
ciency, do reasoning models also find fairer allocations when
prompted to do so? Interestingly, their “fair” allocations re-
mained significantly more efficient than those produced by
people (GPT-5: —26.24,1(9) = —4.26, p < 0.01; Gemini-2.5-
Pro: —23.62, 1(9) = —4.31, p < 0.01; Grok-4-Fast: —24.99,
t(9) = -3.80, p < 0.01). Consequently, reasoning models
generated allocations with larger disparities between workers
even under fairness instructions (Figure 3A(ii)).

LLMs also differed in how they operationalized fairness
when choosing between allocations that equalized task counts
(Fequality) or balanced work according to chefs’ strengths
(Ftapability)- Both humans and GPT-40 consistently preferred
allocations that equalized the number of assigned tasks (Hu-
mans: mean difference = —0.37, #(9) = —-4.26, p < 0.01;
GPT-40: -0.80, 1(9) = —8.99, p < 0.01). In contrast, reason-
ing models and Claude-4.5 deterministically favored a com-
bination of equality-based and capability-based allocations
for different workloads. These allocations consistently corre-
sponded to the most efficient solution that equalized assigned
task times across workers (Fiime), and indicate that reasoning
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models continue to place substantial weight on efficiency even
when instructed to prioritize fairness. These results align with
observations from the sequential work setting that LLMs pre-
fer efficient allocations in scenarios where people prioritize
fairness. This suggests that social preferences in both LLMs
and humans transfer across regimes when balancing trade-offs
between fairness and efficiency.

Humans and LLLMs balance fairness-efficiency trade-offs.
Neither people nor LLMs disregarded efficiency entirely when
constructing fair allocations. Humans and GPT-40 increased
equality in task assignments under fairness instructions (Hu-
mans: mean difference = 2.04, t(9) = 7.63, p < .01; GPT-
40: 1.99, 1(9) = 3.79, p < .01), but rarely assigned iden-
tical numbers of tasks to each worker. As a result, human
fair allocations remained substantially more efficient than al-
locations that enforce strict equality via random assignment
(mean difference — 43.62, 1(9) = —4.84, p < .01). Similarly,
although their fairness judgments emphasized balancing time
spent on tasks (Fiime), reasoning models accepted modest in-
creases in completion time relative to their own efficient solu-
tions while simultaneously reducing disparities in task counts
(GPT-5: mean difference = 1.40, t(9) = 4.58, p < .01;
Gemini-2.5-Pro: 1.44, t(9) = 4.88, p < .01; Grok-4-Fast:
1.42, 1(9) = 4.58, p < .01). Thus, both humans and LLMs
treated fairness as a flexible constraint, adjusting allocations
toward equality without fully sacrificing efficiency.

Reasoning models and humans produce similar fair allo-
cations. Despite relying on different fairness criteria, hu-
mans and reasoning models often converged on similar fair
allocations. When fairness was evaluated using task equality
(Fequality)> only reasoning models showed significant correla-
tions with human allocations (Gemini-2.5-Pro: r(8) = 0.73,
p = 0.02; GPT-5: r(8) = 0.67, p = 0.03; Grok-4-Fast:
r(8) = 0.67, p = 0.03). Consistent with this convergence,
fair allocations produced by reasoning models were signif-
icantly more similar to human fair allocations than those
produced by non-reasoning models (mean difference = 0.07,
t(29) = 4.53, p < 0.01). However, despite these similarities
in task assignments, we note that differences in completion
time and number of tasks assigned to each worker remain
statistically between human and LLM fair allocations remain
statistically significant. Overall, this suggests that different
fairness preferences can lead to overlapping solutions once
efficiency constraints are taken into account.

Summary

People and LLMs rely on different notions of fairness when
allocating work; people prefer equalizing task counts, while
LLMs, especially reasoning models, emphasize efficiency.
Despite these differences, neither group treated fairness as a
hard constraint; both people and reasoning models abandoned
strict equality when efficiency gains were large. Together,

these results show that both humans and LLMs negotiate fair-
ness and efficiency rather than enforcing either in isolation.

Discussion

Collaboration requires decision-makers to balance conflicting
goals and values. As LLMs become more involved in shaping
these decisions, it is crucial to better understand both human
preferences and how closely models reflect these tradeoffs.
In this work, we examined how humans and LLMs navi-
gate fairness—efficiency trade-offs across two task allocation
paradigms. We find that people generally prioritize fairness
over efficiency, as long as the collective objective is achieved.
In contrast, LLMs varied substantially in their alignment with
human judgments and frequently prioritized efficiency even
when explicitly instructed to favor fairness. Despite these
divergences, both humans and LLMs exhibited flexible trade-
off behavior when independently constructing their own task
allocations. Strikingly, reasoning models produced fair allo-
cations that not only resulted in greater collective efficiency
than humans’ efficient allocations, but also exhibited signifi-
cantly greater similarity to humans’ fair allocations.

Our results suggest that both humans and LLMs construct
nuanced solutions that balance competing collaborative goals.
They also highlight an important implication for LLM inter-
pretability: prompting models to simply state their preferences
is insufficient for predicting behavior in real-world settings
where trade-offs arise. Instead, evaluating both behavior and
how stated values translate into concrete decisions is essen-
tial for identifying alignment versus divergence. Our work
clarifies this alignment in simplified task allocation problems
and contributes to growing efforts to finetune LLMs to better
reflect complex value trade-offs.

Our study has several limitations. In particular, our method
cannot distinguish whether humans exhibit an intrinsic pref-
erence for fairness, or if they are naturally worse at efficient
allocations. While recent work suggests that people can opti-
mize for efficiency (Mieczkowski, Li, et al., 2026), future work
is needed to clarify this gap. Additionally, we did not exam-
ine LLM reasoning traces, which should be characterized to
better understand the internal representations underlying this
tradeoff. More broadly, real-world collaborations are shaped
by interpersonal relationships, individual objectives, and ex-
ternal pressures. Understanding how humans navigate these
complexities, and developing LLMs that can jointly optimize
competing objectives, will be essential for fostering collabo-
rations that are both productive and fair.

Code Availability The stimuli, analysis code, and data used
in this study are publicly available at https://github.com/
cl7672/LLM_Human_FairEff_in_TaskAllocation.git.
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