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Abstract

Large language models (LLMs) are increasingly used for
decision-making tasks where fairness is an essential desider-
atum. But what does fairness even mean to an LLM? To in-
vestigate this, we conduct a comprehensive evaluation of how
LLMs perceive fairness in the context of resource allocation,
using both synthetic and real-world data.
We find that several state-of-the-art LLMs, when instructed to
be fair, tend to prioritize improving collective welfare rather
than distributing benefits equally. Their perception of fair-
ness is somewhat sensitive to how user preferences are repre-
sented, but less so to the real-world context of the decision-
making task. Finally, we show that the best strategy for align-
ing an LLM’s perception of fairness to a specific criterion is
to provide it as a mathematical objective, without referencing
“fairness”, as this prevents the LLM from mixing the crite-
rion with its own prior notions of fairness. Our results provide
practical insights for understanding and shaping how LLMs
interpret fairness in resource allocation problems.

Code —
https://github.com/bcookson/FairnessPerceptionsofLLMs

Extended version —
https://www.cs.toronto.edu/%7Enisarg/papers/llm-fairness.pdf

1 Introduction
The concept of fairness has captivated human thought for
centuries, shaping the foundations of our core institutions,
such as democracy, law, and healthcare. But what does fair-
ness truly entail? While universally appealing, fairness is
far from universally defined, and its interpretation often de-
pends on the lens through which it is examined.

Fairness is a quintessential sociotechnical concept, ex-
plored extensively across disciplines. Philosophy delib-
erates the underlying principles of fairness, comparing
Rawls’ (1971) egalitarianism to Harsanyi’s (1975) utilitar-
ianism, and examining concepts such as desert, the right to a
minimum, and fair equality of opportunity. Meanwhile, the
machine learning literature takes a mathematical perspec-
tive on fairness, and often narrows its focus to deal with
the most practically relevant issues such as mitigating race-
or gender-based discrimination (Mehrabi et al. 2021). The
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fair division literature, at the intersection of economics and
computer science, also takes a mathematical perspective,
but formalizes individual and group fairness principles in
an abstract resource allocation context devoid of specific at-
tributes such as race or gender (Amanatidis et al. 2022; Shah
2023). Finally, studies on human perceptions of fairness pro-
vide a descriptive counterpart to these normative approaches
to fairness (Grgic-Hlaca et al. 2018; Srivastava, Heidari, and
Krause 2019; Saxena et al. 2019).

Recently, researchers have begun bridging these disci-
plinary silos by, e.g., applying the fairness criteria from fair
division to machine learning (Balcan et al. 2019; Hossain,
Mladenovic, and Shah 2020; Chen et al. 2019; Micha and
Shah 2020; Kellerhals and Peters 2024; Caragiannis, Micha,
and Shah 2024), or connecting fairness definitions in ma-
chine learning to those from moral and political philoso-
phy (Binns 2018). However, a complete integration of these
diverse perspectives has remained elusive, partly due to dis-
ciplinary boundaries and methodological divides.

Enter large language models (LLMs)! The advent of
LLMs has been one of the most profound technological dis-
ruptions in recent years. These models are increasingly driv-
ing decision-making by sitting at the core of powerful AI
agents that can autonomously act in the real world (Ope-
nAI 2025). They exhibit social understanding gleaned from
their pretraining on vast repositories of human-generated
data, ethical considerations learned from academic research
and post-training techniques such as reinforcement learn-
ing from human feedback (RLHF), and mathematical rea-
soning abilities. This unique blend of sociotechnical abili-
ties has enabled breakthrough performance across domains
such as healthcare, education, finance, engineering, and pro-
gramming (Hadi et al. 2023). This makes LLMs particularly
intriguing for exploring the multifaceted nature of fairness.

In this work, we investigate the perceptions of fairness
exhibited by LLMs using fair division — specifically, fair
allocation of indivisible goods to a set of agents — as our
example domain. We choose fair division because there are
several reasons that make LLMs aptly suited for adoption in
real-world fair division applications. They are widely pop-
ular, easy to use, and often freely available. Further, their
unique ability to understand contextual nuance can give
them an edge over traditional algorithms (see Section 7 for
further discussion). Our objectives are threefold:
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1. What is fair in the eyes of LLMs? When LLMs are asked
to be “fair”, what metrics do they prioritize?

2. What influences fairness perception? How does an
LLM’s understanding of fairness depend on factors such
as the nature of agents and goods involved, and the fram-
ing of the agents’ preferences?

3. To what extent can we steer LLMs? Do LLMs have the
reasoning abilities to optimize user-specified fairness cri-
teria?

Under the first two objectives, our goal is to identify pat-
terns that are common across different LLMs. These patterns
may reflect perceptions of fairness encoded in the (largely
common) pretraining datasets that the LLMs are trained with
and, therefore, are likely to persist even as more capable
LLMs are deployed in the future. Under the third objec-
tive, on the other hand, we seek to conduct an evaluation of
the capabilities of the current state-of-the-art (SOTA) LLMs.
While these models may soon be superseded, this portion
of our work contributes a framework that can be used for
continuous monitoring of the fairness capabilities of LLMs;
thus, it contributes to the quickly growing literature in AI on
conducting LLM evaluations on various dimensions such as
safety, trustworthiness, and inclination to hallucinate (Guo
et al. 2023; Chang et al. 2024; Chu, Wang, and Zhang 2024).

Our results. We evaluate fairness perceptions of three state-
of-the-art families of LLMs —Claude (by Anthropic)
(Anthropic 2024), Gemini (by Google) (Team et al. 2023),
and GPT (by OpenAI) (Achiam et al. 2023) — using both
synthetic data and real data from Spliddit.org. Using care-
fully designed prompts, we ask the LLMs to allocate a set of
goods fairly to a set of agents based on (additive) valuations
provided as part of the prompt, and compare their behavior
to that of traditional algorithms based on (multiplicative) ap-
proximations to popular fairness and efficiency criteria, such
as envy-freeness up to one good (EF1) and social welfare,
with the goal of analyzing the fairness-efficiency tradeoff
exhibited by LLM-generated allocations.

Our main takeaway is that when asked for fairness, LLMs
value high social welfare, seemingly at the expense of envy-
based notions of fairness. This can be seen visually in Fig-
ure 1. Although the different models vary in the exact ap-
proximations they achieve of the criteria we examine, all
three models largely follow the same trends. Namely, in in-
stances where it is impossible to achieve high approxima-
tions of EF1 and social welfare simultaneously, the LLMs
opt for high social welfare.

To better understand what goes into the LLMs’ allocation
process, we investigate three variations in prompt design:

• Context variation. Whether the task is to allocate ob-
jects to people, heirlooms to siblings after a parent’s
death, or machines to teams in a corporate setting, the
context appears to make little difference in how LLMs
perform the allocation, at least when given only a brief
description of the context.

• Preference framing. When agent preferences are pro-
vided grouped by goods (with each line specifying all
agents’ values for a given good), as opposed to grouped

by agents (with each line specifying a given agent’s val-
ues for all the goods), all models become a bit more ef-
ficient, with Claude and Gemini also becoming a bit
fairer while GPT becomes a bit less fair. The effect size,
however, is small.

• Goal framing. When LLMs are prompted to explicitly
seek EF1, as opposed to simply maximizing “fairness”,
their tradeoff between fairness and efficiency changes
slightly. Specifically, they tend to achieve higher EF1 ap-
proximations on average, although the overall trend of
EF1 approximation degrading as it becomes harder to
achieve EF1 and social welfare simultaneously still re-
mains. We also prompt the LLMs using a purely combi-
natorial definition of EF1, dropping the language of “fair-
ness” and “allocations of goods” entirely. Here, GPT and
Gemini both do not see the same drop off in EF1 ap-
proximation as previously, while Claude still appears
to prioritize efficiency over fairness in this setting.

In our analysis of the real-world data from Spliddit.org,
we find that the LLMs do better at achieving good EF1 ap-
proximations than in comparable synthetic instances. While
we primarily focus on analysis of the synthetic instances in
this paper, we provide a detailed look at how all our tests
performed on the Spliddit.org instances in the full version.

Although the main goal of our work is to dissect the inter-
play between EF1 and social welfare in the LLMs’ percep-
tion of fairness, we also include a detailed summary of the
aggregate performance of LLMs under a variety of fairness
and efficiency metrics. These summaries, shown in Figure 1,
give a high-level overview of exactly what the LLMs are
prioritizing in their allocations, with the key takeaway again
being that they seem to value efficiency more than fairness.

Related work. To the best of our knowledge, ours is the
first work to explore the use of LLMs in fair division, with
the exception of the simultaneous and independent recent
work of Hosseini and Khanna (2025).

Hosseini and Khanna also investigate fairness perceptions
of LLMs in the fair division context, but using a different
approach. They primarily use 10 hand-crafted instances bor-
rowed from the work of Herreiner and Puppe (2007), along
with several newly developed instances. They evaluate how
LLMs select allocations using five primary metrics: envy-
freeness, equitability, egalitarian welfare, Pareto optimality,
and social welfare. In contrast, our study uses tens of thou-
sands of instances generated in a randomized fashion, with
large variations in the number of agents and goods involved.
This allows us to evaluate the fairness perceptions of LLMs
at a large scale under a broader class of instances.

More broadly, our work is tangentially related to three
lines of work.

LLM → social choice. Use of LLMs in the adjacent
world of voting has been explored recently. When the can-
didates to be voted on are (policy) statements, LLMs have
the remarkable potential of finding consensus candidates
that are widely agreeable out of the vast space of possible
statements. Bakker et al. (2022) design a system in which
a fine-tuned set of LLMs generate statements that would be
agreeable to large groups of humans and a traditional vot-
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Figure 1: Radar charts showing average approximation performance of LLMs and the MNW baseline across fairness (green)
and efficiency (orange) metrics. Each axis corresponds to a criterion, with higher values (closer to the outer edge) indicating
better approximation to that metric.

ing rule picks a single winning statement (“winner selec-
tion”), showing that such a system can outperform humans.
Fish et al. (2024) develop this into generative social choice,
which can design a representative slate of statements (“com-
mittee selection”); they use generative queries, which ask
LLMs to find statements that would be agreeable to a speci-
fied target group of users. Small et al. (2023) discuss broader
opportunities and risks of LLMs in deliberative platforms
like Pol.is. Our work suggests extending LLM use to so-
cial choice more broadly, possibly to other problems such as
matching and coalition formation.

Social choice → LLM. In the opposite direction, re-
searchers have recently explored applying social choice con-
cepts to the design of LLMs. For example, Zhong et al.
(2024); Williams (2024) use the Nash social welfare in the
RLHF stage of LLM training in order to get LLMs to pro-
portionally represent the preferences of human annotators.
Chakraborty et al. (2024) similarly use the egalitarian wel-
fare to guide RLHF. It remains to be seen whether other
social choice principles, such as envy-freeness or harm ra-
tio (Ebadian, Freeman, and Shah 2024), can be applied to
designing LLMs.

LLM evaluations. A growing literature evaluates LLMs
on safety, trustworthiness, hallucination, reasoning, and
more; see surveys by Guo et al. (2023), Chang et al. (2024),
and Chu, Wang, and Zhang (2024). Several studies focus
specifically on fairness, either broadly (Li et al. 2023) or in
particular domains such as recommendations (Zhang et al.
2023) and ranking (Wang et al. 2024). The most common
approach defines “fairness” as a quantification of bias ex-
hibited toward predefined protected groups. Such bias can be
mitigated through fine-tuning (Chung et al. 2024) or prompt
engineering (Tamkin et al. 2023). We are primarily inter-
ested in how LLMs choose to trade off multiple desirable
fairness and efficiency criteria, not whether they satisfy a
given fairness metric. This examination of an LLM’s “per-
ception” of fairness is conceptually aligned with the works
of Ji et al. (2025), Scherrer et al. (2023), and Dickerson et al.
(2025), who also evaluate the moral reasoning of LLMs us-
ing subjective ethical questions and scenarios, thereby learn-
ing the moral frameworks embodied by LLMs and compar-
ing them to those observed in humans.

2 Experimental Setup
In this section, we describe the fair division model at the
heart of our experiments, the data and LLMs we use, our
experimental setup, and our evaluation criteria.

Fair division model. For any t ∈ N, let [t] =
{1, 2, . . . , t}. A fair division instance consists of a set of n
agents N = [n] and a set of m indivisible goods M = [m].
Each agent i ∈ N has a valuation function vi : 2

M → R⩾0,
which represents the utility of agent i for each subset of
goods. We focus on additive valuation functions, meaning
vi(S) =

∑
g∈S vi({g}) for all S ⊆ M and vi(∅) = 0. With

slight abuse of notation, we write vi(g) := vi({g}) for a
single good g ∈ M . An allocation A = (A1, . . . , An) is a
partition of the set of goods M into n disjoint bundles, where
Ai ⊆ M is the bundle allocated to agent i, Ai ∩ Aj = ∅ for
all i, j ∈ N with i ̸= j, and ∪i∈NAi = M .

Synthetic data. For our synthetic data experiments, we
build on the setup of Ebadian, Freeman, and Shah (2024).
They draw agent utilities from the Dirichlet-multinomial
distribution, defined as follows. First, a vector p⃗ is drawn
uniformly from the (m − 1)-simplex (i.e., from the Dirich-
let distribution), where pg represents the “market value” of
good g. Then, for each agent i, a utility vector (vi({g}) : g ∈
M) is independently drawn from the multinomial distribu-
tion with parameters Ti and p⃗, ensuring that E[vi({g})] =
pg · Ti for each g ∈ M and

∑
g∈M vi({g}) = Ti. They

choose this distribution to induce a sharper tradeoff between
fairness and efficiency than simply drawing all utilities i.i.d.
We sample a different total utility Ti for each agent i inde-
pendently from the uniform distribution over the set of in-
tegers {(50− λ) ·m, . . . , (50 + λ) ·m}. When λ = 0, our
sampling process coincides with theirs. As λ increases, the
total utility varies more across agents, thereby intensifying
the tension between fairness (equal distribution of goods)
and efficiency (allocating more to higher-utility agents).

We vary the number of agents n ∈ {2, 3, . . . , 10} (de-
fault n = 5), the number of goods m ∈ {n, 2n, . . . , 5n}
(default m = 3n), and the total utility variation parameter
λ ∈ {0, 5, . . . , 40} (default λ = 20). When varying a pa-
rameter, we fix the remaining two parameters to their default
values, sample 200 instances, and plot the averages along
with 95% confidence intervals.
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Spliddit data. We utilize real-world goods division in-
stances from Spliddit.org. In these instances, the total utility
of each agent for all goods is always 1000. Out of the 5295,
we focus on the 4835 instances in which a positive Nash
welfare is attainable (see Footnote 1), and show results aver-
aged over these instances. These instances involve between
2 to 15 agents and 2 to 96 goods, with more than 99% of the
instances involving at most 5 agents and at most 15 goods.

Evaluation: fairness criteria. The cornerstone no-
tion of fairness in the fair division literature is envy-
freeness (Gamow and Stern 1958; Foley 1967), which de-
mands that no agent prefer the bundle allocated to another
agent over their own bundle, i.e., vi(Ai) ⩾ vi(Aj) for all
i, j ∈ N . For indivisible goods, this is not always attain-
able. Hence, we measure its multiplicative approximation,
and multiplicative approximations of its four widely stud-
ied relaxations: envy-freeness up to one good (EF1) (Bud-
ish 2011), proportionality (PROP) (Steinhaus 1948), propor-
tionality up to one good (PROP1) (Conitzer, Freeman, and
Shah 2017), and maximin share (MMS) (Budish 2011).

Figure 2 depicts the logical relationships between these
criteria. In the interest of space, we define and present results
for only EF1 approximation, deferring the definitions of and
results for the rest to the full version.

• EF1 approximation: For an allocation A, this is the
largest value α ∈ [0, 1] such that, for all i, j ∈ N
with Aj ̸= ∅, there exists a good g ∈ Aj such that
vi(Ai) ⩾ α · vi(Aj \ {g}).

EF1 allocations are guaranteed to exist, and the maximum
Nash welfare (MNW) algorithm (Caragiannis et al. 2019),
which provably satisfies EF1, serves as our primary base-
line. MMS allocations need not exist (Kurokawa, Procaccia,
and Wang 2018), but a 3

4 + 3
3836 approximation is achiev-

able (Akrami and Garg 2024).
While the MMS approximations are quantitatively simi-

lar to EF1, the PROP1 approximations are quite different.
This is due to subtleties about how our synthetic instances
were generated, which we also explain in the full version.
We emphasize that our results are pessimistic for fairness of
LLMs, and our use of the weaker EF1 criterion instead of
the stronger EF criterion only makes them stronger.

Evaluation: efficiency criteria. We use two prominent
efficiency criteria from the literature: (utilitarian) social wel-
fare (SW) and Pareto optimality (PO). Since maximizing
SW implies PO, and PO approximation is at least as high
as SW, we focus on SW here and defer the definition and
similar results for PO to the full version.

• SW approximation: The (utilitarian) social welfare of an
allocation A is the sum of agent utilities, i.e., SW(A) =∑

i∈N vi(Ai), and its SW approximation is its social

welfare as a fraction of the highest possible social wel-
fare, i.e., SW(A)

maxB SW(B) .

Baseline algorithms. We compare the behavior of LLMs
to that of three popular fair division algorithms:
• Maximum Nash welfare (MNW) (Caragiannis et al. 2019)

returns an allocation that maximizes the Nash wel-
fare, i.e.,

∏
i∈N vi(Ai). This provably achieves EF1 and

PO (Caragiannis et al. 2019), and is the state-of-the-art
algorithm deployed to Spliddit.org due to its combina-
tion of fairness and efficiency guarantees.1

• Round Robin (RR) is an iterative algorithm that guaran-
tees EF1 but not necessarily PO. Agents pick goods one
by one in a cyclic fashion; specifically, in each round
k ∈ [m], agent (k − 1) mod n+ 1 is allocated her most
preferred good among the ones remaining.

• Maximum social welfare (MSW) returns an allocation with
the highest utilitarian social welfare. Under additive val-
uations, this simply allocates each good to an agent with
the highest value for it. This is PO but does not guarantee
any positive EF1 approximation.

Our primary focus is to investigate how LLMs behave
when asked to be fair, and not to compare them with tra-
ditional algorithms. Hence, for clarity, we show only the
MNW rule in the plots in the main body. In the full version,
we compare LLMs to the other two baselines.

Large language models. We use three state-of-the-
art commercial LLMs: gpt-4o (in short, GPT) from
OpenAI, claude-3.5-sonnet-20241022 (in short,
Claude) from Anthropic, and gemini-1.5-pro (in
short, Gemini) from Google.

In the full version, we report input/output token sizes, pro-
vide rough estimates of LLM costs for fair division, and
show how costs scale with instance size.

Experiments and prompts. Each datum in our experi-
ments is generated by sending a prompt to an LLM, which
fully describes the fair division problem at hand, and asking
the model to return an allocation. At a high level, all prompts
have the same structure involving four components, whose
designs we experiment with. We provide a summary below;
details are available in the full version.

1) Context. First, the prompt describes the contextual sce-
nario including the nature of agents and goods, which may
affect LLMs’ perceptions of fairness. We test three contexts:

• Person/Object (default): An abstract scenario with “ob-
jects” (goods) to be allocated to “people” (agents).

• Sibling/Heirloom: A “subjective” inheritance division
scenario with “heirlooms” (goods) to be allocated to “sib-
lings” (agents) following the passing of their parent.

• Team/Machine: An “objective” corporate scenario with
“machines” (goods) to be allocated to “teams” (agents).

2) Goal. Next, the prompt describes the goal we want the
LLM to achieve in the allocation it returns.

1The algorithm is more subtle in edge cases where all alloca-
tions yield zero Nash social welfare, but our experiments focus on
instances that admit allocations with strictly positive utility for all
agents (and thus positive Nash social welfare).
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• “Fair” (default): The model is asked to allocate goods
“fairly,” without an explicit definition of fairness.

• EF1 fair: The model is instructed to find an EF1 allo-
cation, with EF1 introduced as a fairness criterion and
defined mathematically.

• EF1 combinatorial: Same as the EF1 fair prompt, but
framed as a purely combinatorial problem — without ref-
erence to “fairness” or the context of allocating goods.

3) Preference framing. Next, we provide agents’ valua-
tions in one of two formats:
• Person/Object (default): For each agent, we provide a

separate line listing their values for the m goods as in-
tegers, where the k-th value corresponds to good k:

Person 1: [1, 0, ...] // m values

Person 2: [5, 8, ...] // m values

• Object/Person: For each good, we provide a separate line
listing the values of all n agents for that good as integers,
where the i-th value corresponds to agent i:

Object 1: [1, 5, ...] // n values

Object 2: [0, 8, ...] // n values

4) Output format. We instruct the model to return a
JSON object,2 mapping each good to the index of its as-
signed agent. We explicitly instruct the model not to include
any additional text or reasoning.

{ Object 1: 3, // index (from 1 to n)

Object 2: 2, ... }.

In Section 3, we compare all models and baselines using
the default settings for the first three components. Then, in
Sections 4 to 6, we vary each component individually while
keeping the others at their default.

3 LLMs for Fair Division
The plots in Figure 3 highlight how the LLMs behave when
prompted to simply find a “fair” allocation, with no fur-
ther instruction on the problem context, or what “fairness”
should entail. From these results, it is clear that all models
generally prioritize efficiency (measured by approximation
to SW) over fairness (measured by approximation to EF1).
As a baseline, we first examine the performance of maxi-
mum Nash welfare (MNW), which is known to always re-
turn an EF1 allocation. This explains why, in figures (c) and
(f), as λ, the utility variation parameter, increases, the SW
approximation of the MNW allocations decreases sharply.
When one agent has a much higher utility for all goods
compared to another agent, achieving high social welfare re-
quires allocating all goods to that agent, which goes against
fairness. In contrast to MNW, we observe that as λ increases,
the EF1 approximation of all three LLMs declines rapidly,
while their SW approximation remains high.

2For GPT and Gemini, we use a built-in feature to restrict their
output to the JSON schema. For Claude (and one Spliddit in-
stance with 5 agents and 96 goods for which Gemini rejected the
schema for being too long), we simply requested the models to fol-
low the schema as part of the prompt, which they do very well.

Takeaways. In plots (a) and (d), and (b) and (e), we can
also see how the EF1 and SW approximations of the models
change as we vary n and m respectively. These represent in-
creasing the complexity of the instances. As n increases, we
can again see that MNW becomes worse at approximating
SW. Intuitively, this is because having more agents raises the
probability that one agent gets a much lower utility sum than
some other agent, making it so that some goods must be in-
efficiently allocated to ensure fairness. Here we see that this
worsening tradeoff causes the same behavior in the LLMs,
which get worse at fairness in order to maintain efficiency.

In contrast, when m increases, we can see that MNW’s
SW approximation does not see significant change. It can be
seen that when m = 5, the models all perform much better
at fairness than when m is higher. Between m = 5 and m =
10, we see a steep drop-off in the level of fairness the models
achieve, and an increase in efficiency. For all m ⩾ 10, the
fairness and efficiency levels stay much more constant, with
only small changes. In all our experiments, it appeared that
when LLMs are provided with the same number of goods as
there are agents n = m, their behavior was much different
than when m > n, with the models being more likely to
provide a balanced allocation, where all agents received the
same number of items, even if that led to inefficiencies. This
behavior is what explains the steep drop-off.

We also show the LLMs’ performance against real-world
instances from Spliddit.org in Figure 6. Interestingly, the
LLMs perform significantly better on fairness for these real-
world instances than for the synthetic ones, even when only
looking at synthetic instances that are normalized (λ = 0),
as the Spliddit.org instances are. We provide a detailed anal-
ysis of the Spliddit.org results in the full version.

4 Does the Allocation Context Matter?
In this section, we examine whether the context of the al-
location — be it abstract objects allocated to people, heir-
looms divided among siblings following a parent’s death, or
machines distributed among corporate teams — affects how
LLMs chart the fairness-efficiency tradeoff.

Takeaways. The results in Figure 4 show that contextual
changes have little effect on the LLMs’ fairness and effi-
ciency behavior. In both the Siblings/Heirlooms and Team-
s/Machines scenarios, the models’ approximations closely
mirror those of the default setting, suggesting that small con-
textual shifts do not alter the tradeoffs these models make.

5 Does the Preference Framing Matter?
In this section, we test providing the preferences one agent
at a time (Person/Object) versus one good at a time (Ob-
ject/Person). This simply transposes the valuation matrix,
which does not affect traditional algorithms’ ability to ac-
cess the values, but it may affect how an LLM interprets the
preference data (just as it might affect a human too, at least
in larger instances).

Takeaways. Figure 5 shows that how preferences are
framed does affect 2 out of 3 models. For Claude and
Gemini, the Object/Person framing leads to lower EF1 ap-
proximations but higher social welfare, suggesting a shift
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Figure 3: Comparison of models for the default prompt by varying n, m, or λ.
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(b) EF1 apx., Claude
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Figure 4: Comparison of models based on varying context with m = 3n and λ = 20.

toward efficiency at the expense of fairness. One possible
explanation is that presenting all agents’ valuations for each
object in a single list makes it easier for the LLM to com-
pare utilities across agents and assign each object to the
agent who values it most. This raises an important question:
when LLMs fail to find a maximum social welfare alloca-
tion, is it due to a preference for fairness, or simply an in-
ability to identify the optimal outcome? Interestingly, GPT
appears largely unaffected by preference framing, with near-
identical scores across both settings.

6 Steer LLMs or Let Them Be Free?
In this section, we evaluate how LLMs perform when specif-
ically asked to aim for fairness, both by asking them directly
to find an allocation that is EF1, and by providing them the
instance as a purely combinatorial problem, and asking them
to find an allocation with a property equivalent to EF1.

Takeaways. Figure 7 varies λ to control how difficult it is
to satisfy fairness and efficiency simultaneously. For two of
the three models (GPT and Gemini), we observe a very in-
teresting difference between the “Fair” and “Combinatorial”
versions of the EF1 prompt. Across all models, allocations
from the fair prompt are consistently fairer than those from
the default prompt. However, the EF1 approximations from
these allocations still decline as λ increases. This seems to
suggest that the LLMs still place some amount of priority
on efficiency to the detriment of fairness, even when specif-
ically instructed to prioritize EF1.

In contrast, for GPT and Gemini, the combinatorial
prompt produces allocations whose fairness remains stable
as λ increases. This suggests that when the task is framed as
explicitly satisfying EF1 in a combinatorial setting, without
the usual allocation context, LLMs deprioritize efficiency
and focus more narrowly on the specified goal. When the
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Figure 5: Comparison of models under different input valuation framings with
m = 3n and λ = 20.
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Figure 6: Comparison of models on Spliddit.
org.
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Figure 7: Comparison of models based on varying goals with n = 5 and m = 15.

allocation context is present, however, even explicit instruc-
tions to satisfy EF1 may be overridden by implicit reasoning
about tradeoffs. Interestingly, Claude does not follow this
pattern — it appears to favor efficiency over fairness even
when the prompt strips away allocation context.

In the full version, we again observe that all prompt types
degrade similarly as n increases, likely due to the increasing
complexity of achieving fair and efficient allocations.

7 Discussion
While our work charts a rather large experimental landscape,
it represents merely the tip of the iceberg in the exploration
of LLM applications in fair division, let alone in the com-
prehensive evaluation of their fairness. There are many di-
rections in which one can deepen our investigation.

Prompt engineering. While we experimented with vari-
ations of our base prompt, the possibilities of prompt engi-
neering are vast, ranging from a mere reordering of the com-
ponents to testing entirely novel task and goal descriptions.

Task generalization. We focused on the allocation of in-
divisible goods under additive valuations. Do our observa-
tions generalize to other fair division tasks, such as alloca-
tion of divisible goods, chore division, allocation under fea-
sibility constraints, or allocating to agents with non-additive
valuations? These tasks are notably more difficult, even for
traditional algorithms, but that is precisely what may allow
LLMs to be more competitive with traditional algorithms.

Better fairness evaluation. Our use of approximations to
EF1, SW, and other fairness and efficiency notions are only

proxy criteria; after all, if that is all that we care about, tra-
ditional algorithms already offer appealing trade-offs. The
true power of LLMs lies in their unique sociotechnical un-
derstanding of fairness, so their efficacy must also be evalu-
ated by human subjects (or, perhaps, other LLMs).

Leveraging contextual understanding. In Section 4, we
found that a mere one-line description of the context does
not significantly alter LLMs’ behavior, but this may change
if more context is provided. For example, an LLM perform-
ing inheritance division may lean towards optimizing fair-
ness if there is a history of rivalry between the siblings, but
optimizing efficiency if their relationships are largely har-
monious. One can also follow the “generative social choice”
approach (Fish et al. 2024; Bakker et al. 2022), whereby an
LLM’s contextual understanding is used to shape the prob-
lem instance (e.g., by detecting likely substitutes and com-
plements among the goods based on their descriptions or
likely cases of human error in providing valuations), but a
traditional algorithm is used thereafter to hammer out the
allocation, thereby achieving the best of both worlds.

Ethical considerations. Our work investigates the capa-
bilities of existing models rather than introducing new ones,
which limits the ethical risks involved. However, there re-
mains a potential risk that our methodology could be used
to “validate” a model as fair even when it exhibits signifi-
cant unfairness along dimensions not captured in our analy-
sis. We stress that our evaluation focuses on specific fairness
properties in how LLMs allocate goods, and should not be
interpreted as a comprehensive audit of fairness.
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