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Abstract

This study employs LLM-based multi-agent
simulation to investigate how fairness-related
behavior evolves in repeated resource allocation.
Thirty agents with five idealized value orienta-
tions participate in a survival-production cycle
under equal, needs-based, contribution-based,
and negotiation-based allocation mechanisms.
Results show that negotiation achieves the high-
est productive return and subjective satisfaction
with the strongest consensus in our main setting,
and its subjective advantage holds across eight
LLMs, suggesting that deliberative allocation
can help navigate the fairness—efficiency
tradeoff. Agents also exhibit systematic mis-
alignment between subjective satisfaction and
objective resource outcomes, shaped by value
orientations and interaction conditions. Over
repeated interaction, agents’ reflection-derived
fairness positions shift away from their initial
orientations toward more hybrid combinations
of equality-, merit-, and needs-related reasoning.
To provide human-grounded structural com-
parison, we further benchmark GPT-40 against
published human choice distributions in 16 con-
trolled allocation scenarios, finding moderate
rank-level correspondence but substantially
more concentrated LLM choices. These find-
ings characterize value-conditioned reasoning
and semantic change in LLM societies while
remaining computational hypotheses rather
than direct evidence of human fairness behavior.

1 Introduction

Resource allocation is a problem that echoes
through every layer of human society, from the divi-
sion of inheritance within families and the design of
pay structures in organizations to the architecture of
national welfare systems (Heal, 1997; Schwappach,
2002). Across these contexts, a persistent normative
puzzle arises: when multiple parties lay claim to the
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same limited resource, what makes an allocation
“fair”? Social science has long recognized that
fairness is not a single, stable ideal but a constel-
lation of competing principles (Gross, 2008;
Messick, 1995), with classic theories identifying
equality, need, merit, and procedural justice as
core evaluative dimensions (Rawls, 1971; Frohlich
et al., 1987; Konow, 2003; Lind, 2001). Yet this
theoretical pluralism reflects a deeper social reality.
Individuals carry heterogeneous fairness value
orientations, shaped by moral convictions, cultural
norms, and group identities, that lead some to cham-
pion egalitarianism while others insist on rewarding
effort or addressing vulnerability (Rasinski, 1987;
Skitka, 2010; Bicchieri, 2006; Haidt, 2012; Young,
2015). This pluralism generates a core dilemma
because principles of justice often pull in opposite
directions. Rewarding effort may compromise
basic security, while prioritizing need can dampen
productivity. Consequently, value diversity, for all
its moral richness, risks fragmenting consensus,
distorting satisfaction, and weakening institutional
legitimacy (Tyler, 2003; Miller, 2001; Fehr and
Schmidt, 1999; Cappelen et al., 2007; Moll et al.,
2005).

Compounding this challenge is the gap between
subjective evaluations and objective properties.
Individuals’ satisfaction with an allocation often
diverges from its measurable properties, such as
equality, sufficiency, and proportionality. Social
psychology demonstrates that fairness judgments
reflect not only what people receive but also how
outcomes are interpreted through prior expectations,
social comparisons, and motivated reasoning (Taber
and Lodge, 2006; Kunda, 1990; Oliver, 1980).
As a result, individuals can exhibit persistent
misalignment, accepting unfair outcomes as fair
or rejecting objectively improved conditions even
as resources grow (Tyler, 1989; Skitka et al., 2021;
Dolan et al., 2008). Together, these two challenges
comprise a dual gap. The first concerns competing
conceptions of fairness across individuals, while
the second concerns divergence between objec-

30419

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 30419-30446
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/gaosong1215/when_fairness_evolves
https://github.com/gaosong1215/when_fairness_evolves

l Subjective Metric ==
©  © satisfaction Score Score Std

Resource Pool Allocation

@ @ Receive
_—

Heterogeneous Agent Allocation Mechanism

@ @ Total Resource Equal @0
s Needs-based

@ - @ Contribution-based
9

Negotiation
Production & Return Survival

P t
@ roduc @ Consume
Objective Metric N
ey
", Gini coefficient Resource Utilization

Figure 1: Overview of the multi-agent framework.

tively implemented and subjectively experienced
allocations. This dual gap has resisted resolution
in static frameworks. Despite decades of theoretical
work, we still lack a dynamic account of how these
gaps evolve through repeated social interaction.

Recent advances in multi-agent simulation using
LLMs offer a new methodological opportunity to
address this gap. Large language models can re-
produce reasoning, negotiation, and social decision
making that resemble human behavior (Gao et al.,
2024; Guo et al., 2024; Ji et al., 2024; Park et al.,
2023; Wu et al., 2024). They also display emergent
normative behaviors, including cooperation, reci-
procity, and sanctioning, that resemble human social
heuristics (Piatti et al., 2024). These capabilities
make simulation using LL.Ms a promising computa-
tional tool for generating testable hypotheses about
how heterogeneous fairness values and distributive
principles interact with system dynamics and
subjective perception in dynamic environments.
Throughout this study, we adopt a hypothesis gener-
ation perspective on this form of simulation and treat
agent behavior as a computational model rather than
a direct proxy for human conduct (Lin, 2025; Wang
etal., 2025; Zhou et al., 2025; Wu et al., 2025).

Leveraging this methodological advance, we
present a multi-agent framework based on a
survival and production cycle that compares
four allocation mechanisms: equal, needs-based,
contribution-based, and negotiation-based. Three
findings emerge. First, as a framework validation,
we confirm that the extensively documented
tradeoff between fairness and efficiency (Joe-Wong
et al., 2013; Kohler et al., 2014) manifests in our
setting. We further show that negotiation navigates
this tradeoff endogenously through deliberation
without a global fairness objective specified in
advance. Second, divergence between subjective

and objective outcomes varies systematically across
agents’ value orientations, allocation mechanisms,
and interaction rounds. Third, repeated interaction
produces systematic shifts in agents’ expressed
fairness positions, with initially distinct orienta-
tions moving toward more hybrid reasoning that
combines equality, merit, and needs.

Contributions. This paper makes three contribu-
tions. First, we introduce a survival and production
simulation for studying fairness dynamics among
LLM agents with heterogeneous values under
equal, needs-based, contribution-based, and
negotiation-based allocation. Second, we show
that negotiation improves subjective satisfaction
and consensus while achieving stronger productive
return outcomes in the main setting with moderate
resources. Third, we combine outcome metrics with
an analysis of agent reflections based on embed-
dings, enabling systematic study of misalignment
between subjective and objective outcomes and
longitudinal shifts in expressed fairness language.

We additionally compare GPT-40 allocation
choices with published human choice distributions
from controlled resource allocation scenar-
ios (Ahlert and Schwettmann, 2017), providing a
bounded assessment of structural correspondence
and divergence. We interpret all observed changes
as shifts in expressed semantic positions rather
than evidence of genuine moral belief revision (Lin,
2025; Wang et al., 2025).

2 Related Work

Fairness, Distributive Principles, and the
Tradeoff Between Fairness and Efficiency
Distributive fairness comprises four core principles:
equality (Rawls, 1971; Cherry et al., 2002),
need (Frohlich et al., 1987), merit (Scott et al.,
2001), and procedural fairness, which views
allocations reached through communication and
mutual agreement as more legitimate (Charness
and Dufwenberg, 2006; Konow, 2003). Because
optimizing one principle typically compromises
another, their inherent tension creates the exten-
sively documented tradeoff between fairness and
efficiency (Joe-Wong et al., 2013; Gordon-Hecker
etal., 2017; Kohler et al., 2014).

Prior work examines this tradeoff through opti-
mization and human experiments. Distributed meth-
ods and methods inspired by nature coordinate un-
der explicit objectives and update rules (Kumaretal.,
2023; Yang, 2020), while behavioral bargaining
studies show that fairness concerns shape negotiated
outcomes (De Bruyn and Bolton, 2008; Burrows
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and Loomes, 1994; Corfman and Lehmann, 1993).
We instead examine repeated deliberation among
multiple parties with heterogeneous values, tracking
changes in expressed fairness reasoning without a
global fairness objective specified in advance.

Heterogeneous Value Orientations in Human
and Artificial Societies Rather than following
a single fairness principle, individuals hold
diverse value orientations that shape distributive
choices (Rasinski, 1987). Five orientations are
particularly relevant to our framework: egali-
tarian, needs-based, merit-based, altruistic, and
pragmatic. Together, they span major dimensions
of distributive justice (Konow, 2003; Andreoni,
1990; Charness and Rabin, 2002). Computational
models represent this heterogeneity through distinct
normative commitments (Bednar and Page, 2007).
Value diversity can enhance adaptability and
coordination, but conflicting orientations can also
generate distributional conflict and make collective
outcomes less predictable.

Human experiments provide complementary
grounding for these choices. Allocation rules
can systematically affect fairness evaluations and
acceptance (Conlon et al., 2004). Individuals also
exhibit plural fairness ideals (Cappelen et al., 2007),
and their distributive choices need not conform to
a single canonical theory of justice (Lissowski and
Swistak, 1995). In controlled health care allocation
scenarios, choices respond systematically to
structural features of allocation problems (Ahlert
and Schwettmann, 2017). These findings motivate
our choices concerning mechanisms, value hetero-
geneity, and resource constraints, but do not directly
validate repeated dynamics among LLM agents.
We therefore use Ahlert and Schwettmann’s choice
distributions as a bounded structural benchmark in
Section 5.4, while examining repeated interaction
conditioned on values in our main simulation.

Modeling Social Values and Fairness in Multi-
Agent Systems Using LLMs Multi-agent
systems using LLLMs can effectively simulate social
reasoning resembling that of humans in contexts
involving fairness, cooperation, and scarce resource
allocation (Gao et al., 2024; Guo et al., 2024). They
use value alignment, norm internalization, and
deliberative communication to embody diverse
social preferences (Li et al., 2024; Zeng et al., 2025).
SRAP-Agent applies LLM agents to resource
allocation, optimizing societal satisfaction through
predefined rules such as queuing and sorting (Jietal.,
2024). LLMs are also increasingly viewed as collec-
tive world models in which emergent communica-

tion fosters shared social understanding (Taniguchi
et al.,, 2024) and enables the internalization of
prosocial behaviors such as reciprocity and altruism.
However, recent methodological work identi-
fies recurring validity threats in social simulation
using LLMs. These include sycophantic conver-
gence (Cheng et al., 2025), gaps between values
and actions (Shen et al., 2025), flattening of identity
groups (Wang et al., 2025; Lin, 2025), and struc-
tural flaws involving agent homogeneity, memory
statelessness, and hypothesis leakage (Zhou et al.,
2025). Our framework partially addresses these con-
cerns through heterogeneous value profiles, sliding
window memory, and validation across eight LLMs,
while treating all findings as computational hypothe-
ses rather than direct claims about human behavior.

3 Methodology

3.1 Framework:
Survival and Production Cycle

We design a multi-agent system to simulate a
dynamic cycle of survival and production within
an artificial community (Figure 1). Unlike static
allocation models, our framework treats fairness
as a dynamic process embedded in repeated
social interaction rather than a fixed distributional
outcome. The system operates through a contin-
uous feedback loop in which resource allocation
shapes agents’ subjective satisfaction, satisfaction
modulates productive output, and production in
turn replenishes the shared resource pool.

3.1.1 Agent Definition and Heterogeneity

The community consists of N agent families. Each
family ¢ is defined by a vector of intrinsic and
structural attributes:

¢ Value Orientation (v;): Anidealized normative
commitment that shapes how agents evaluate
and respond to allocation outcomes. It is opera-
tionalized as a system prompt consistent with the
assigned persona, guiding agents’ reasoning and
proposal generation throughout the simulation.

e Family Composition (L;, N;): L; represents
the number of labor members, and N; represents
the number of nonlabor members. Together, they
determine the family’s survival threshold and
productive capacity.

¢ Survival Threshold (C;): The minimum re-
source required for family ¢ to survive the round.

* Production Capacity (L; - M): The maximum
surplus a family can convert into output, capped
by its labor force L; and a processing limit for each
laborer across the system, defined as M = S/ L.
Here, S = Z;V: 1 Cj; is the total community sur-
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vivalneedand L= jV: 1L is the total labor force.
Both S and L remain constant because household
compositions are fixed throughout the simulation.
These attributes collectively determine how
each family allocates, produces, and evaluates
outcomes across rounds, as detailed in the following
subsection. Quantitative validation confirming
that agents vote in accordance with their assigned
orientations is provided in Appendix C.2.

3.1.2 The Circulation Loop

The system evolves over rounds ¢. In each round,
the Total Resource (R;) circulates through the
following four steps:

* Allocation: R; is distributed among agent
families according to a selected mechanism,
yielding allocation a;(t) for family i. Each agent
then reflects on the outcome relative to its value
orientation v; through a reflection generated by
an LLM, producing a subjective satisfaction score
si(t) €[1,5].

* Survival: Each family consumes resources to
meet its threshold C;. If a;(t) < C;, a survival
deficit occurs and the simulation terminates, mod-
eling the catastrophic risk of allocation failure.

* Production and Return: Surviving families rein-
vest their surplus into production. The conversion
efficiency is scaled by the agent’s subjective sat-
isfaction. This mechanism ensures that perceived
unfairness directly penalizes collective growth.

* Resource Update: The newly produced re-
sources and any unprocessed surplus are returned
to the Resource Pool, forming the next round’s
total resource.

3.1.3 Objective and Subjective Metric

The framework monitors two categories of metrics

to evaluate the state of the artificial society:

* Objective Metrics: Material outcomes are
tracked via the Gini Coefficient, measuring
distributional inequality, and the Productive
Return Ratio (PRR), defined as the productive
output generated from processed surplus relative
to the total resources allocated in that round:

;,production_output; ,
PRR;= = x100. (1)

> _;allocation; ¢

* Subjective Metrics: Agents’ internal evaluations
are captured via the mean Satisfaction Score
and its standard deviation (Score Std), where the
latter measures the degree of normative consensus
or conflict within the heterogeneous population.

3.2 Survival, Production, and Incentives

This section formalizes how individual allocations
translate into production dynamics and systemic
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Figure 2: Overview of the allocation mechanism based
on negotiation.

resource stability. All parameters are subject to
sensitivity analysis in Appendix B.

Survival Cost and Net Surplus Each family ¢
must meet its survival threshold C; = 2L; + N;,
where laborers consume twice the resources of
nonlaborers to sustain productive capacity. If
a;(t) < C;, the simulation terminates immediately
upon survival deficit. When a;(t) > C;, the family
retains a net surplus surplus;(t) = a;(t) — C;
representing resources available for production.

Production Multiplier Driven by Fairness
Actual output depends not only on resource input
but also on the agent’s subjective perception. Upon
receiving an allocation, each agent generates a
satisfaction score on a qualitative scale from 1 to
5 based on a reflection generated by an LLM about
how the outcome aligns with its value orientation v;.
Grounded in evidence from meta-analyses linking
subjective wellbeing to labor productivity (Oswald
et al., 2015; Judge et al., 2001), we introduce as
a modeling assumption a productivity modifier
si(t). The satisfaction score is linearly mapped
to s;(t) € [0.9,1.1]. This conservative symmetric
range ensures that subjective perception influences
production without overriding material constraints.
Ablation studies examining s;(¢) =1 and an asym-
metric range [0.8,1.1] are provided in Appendix B.2.
These results show that negotiation’s advantage
in subjective satisfaction remains stable, while
PRR magnitudes and rankings can vary with the
strength of the coupling between satisfaction and
productivity. Family production is given by:

P;(t) =min (surplus;(t),L;- M) -E-s;(t), (2)
where E' denotes the base conversion efficiency.

3.3 Allocation Mechanism

We evaluate how normative rules shape efficiency
and fairness across four mechanisms. Performance
under different resource conditions is reported in
Appendix A.
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Equal Allocation Resources are evenly divided

regardless of family composition:
R
ai(t) =~ 3)
Needs-Based Allocation Each family ¢ reports
its own need proposal 7; () based on its value orien-
tation, and resources are allocated proportionally:

()
ai(t):Rt'NiA- 4)
> j=1" (t)
These reports are unverifiable and may deviate from
true survival thresholds.

Contribution-Based Allocation Resources are
allocated in proportion to each family’s realized
production from the previous round:

Pi(t—1
ai(t)=Re — =D
2 =1 bi(t=1)
This mechanism ties rewards directly to production.

&)

Negotiation-Based Allocation This mechanism

implements procedural fairness through a deliber-

ative process that builds consensus. As illustrated
in Figure 2, it proceeds through four stages:

1. Proposal Generation: Each agent submits
an initial allocation plan shaped by its value
orientation and current community conditions,
such as resource scarcity or production trends.

2. Discussion and Voting: Agents engage in
deliberation over multiple turns, defending
their proposals, critiquing others, and seeking
common ground. Each proposal is rated on a
scale with 5 points. Only the top 50% advance
per iteration, and this process continues until
fewer than 10% of proposals remain unresolved.

3. Consensus Formation: The final allocation
is computed as a weighted average of the
remaining proposals with the highest rankings,
rather than adopting a single winning plan.

4. Final Evaluation: All agents provide subjective
satisfaction evaluations of the final allocation.
Through this process, allocation outcomes

emerge from social deliberation rather than being

imposed by external rules. This allows hybrid
fairness standards to arise endogenously from agent
interaction.

4 Experimental Design

We set up 30 LLM agents (in line with previous
works (Huang et al., 2025; Schneider et al., 2025)),
all participating simultaneously in each round,
across four resource allocation mechanisms. A
population of 30 agents provides heterogeneity
to represent five value orientations with balanced

group sizes, creating a minimal viable ecosys-
tem for normative conflict and consensus. We
additionally validate key findings with 100 agents
in Appendix A.6. For each mechanism, we ran
simulations up to 20 rounds, a duration that
offers a complete feedback window for observing
evolutionary dynamics at the community scale. We
tested eight LLMs (see Table 2) and performed 5
independent runs per experimental setting to ensure
reproducibility. Full implementation details, includ-
ing prompt structures, inference hyperparameters,
debate protocols, and computational costs, are pro-
vided in Appendix E and F. Our experimental design
is guided by three research questions as follows:

4.1 Tradeoff
Between Fairness and Efficiency (RQ1)

RQ1: Given the tradeoff between fairness and effi-
ciency (Joe-Wong et al., 2013; Kohler et al., 2014),
does it manifest consistently across allocation mech-
anisms in our setting, and can negotiation navigate
this tradeoff endogenously through deliberation
rather than optimization programmed in advance?

In our setting, efficiency is operationalized
as the Productive Return Ratio (PRR), which
measures the productive output generated from
processed surplus relative to the total resources
allocated in a round. A higher PRR indicates that
allocated resources are more effectively converted
into new production rather than only consumed
for survival or carried forward as unprocessed
surplus. This measure captures productive return
within each round as part of the broader tradeoff
between fairness and efficiency (Moulin, 2004).
Because productive output is also affected by
agents’ production coefficients that are sensitive to
satisfaction, PRR remains analytically connected
to agents’ subjective evaluations while remaining
distinct from them (Kurokawa et al., 2018).

In each round, agents interact either through
structured negotiation or by following predefined
allocation rules. We assess performance using both
objective and subjective metrics across mechanisms
and over time. To verify that negotiation gains stem
from the consensus mechanism rather than mere
communication, we compare against an “Equal
with Discussion” baseline (Appendix A.4). To
further isolate which components of the negotiation
pipeline drive performance, we additionally ablate
two conditions. The firstis Negotiation w/o Iterative
Filtering, where all proposals proceed directly to
consensus formation. The second is Negotiation
w/o Weighted Averaging, where the single proposal
receiving the highest rating is adopted rather than

30423



900

800

700

600

500

Mechanism

Total Resource

400
Contribution-based
Negotiation

300 Equal

Needs-based

200

0 5 10 15 20
Round

Figure 3: Total resources over rounds across different
allocation mechanisms.

a weighted average (Appendix A.4).

4.2 Alignment Between
Subjective and Objective Fairness (RQ2)

RQ2: To what extent do agents’ subjective fairness
judgments align with objective distributional
outcomes, and under what conditions do systematic
misalignments emerge?

We assess alignment using Spearman’s rank cor-
relation (p) across four categories of objective in-
dicators: (1) Community Inequality (e.g., Gini),
which reflects distributional concern at the commu-
nity level, (2) Absolute Gain, which represents basic
material utility, (3) Relative Standing (e.g., share ad-
justed for labor and community rank), which mirrors
social comparison theory, and (4) Expectation Ful-
fillment (e.g., the rate of return relative to contribu-
tion), which tests institutional consistency (Cappe-
lenetal.,2007). A detailed heatmap analysis is pro-
vided in Appendix A.5. To operationalize cognitive
deviation patterns, we classify instances as False
Satisfaction when an agent’s mean satisfaction
score falls in the top quartile while mean objective re-
sources lie in the bottom quartile. We classify the in-
verse pattern as Excessive Criticism. Thresholding
by quartile is adopted as a method that makes no dis-
tributional assumptions and remains robust across
varying resource levels (Cappelen et al., 2007).

We examine three contextual drivers of misalign-
ment. These are (1) round number, which tests
whether repeated interaction improves calibration,
(2) allocation mechanism, which evaluates whether
the negotiation mechanism can enhance alignment,
and (3) value orientation, which assesses whether
specific principles predispose agents to certain
deviations.

4.3 Evolution of Expressed Fairness (RQ3)

RQ3: Over repeated interactions, do agents with
heterogeneous initial value orientations shift in

Objective metric Subjective metric

Mechanism

PRR(%) 1 Gini | SS 4 Std |
Equal 753£13  0.00040.000 2.374+0.03 0.6840.06
Needs-based 69.8+1.7 0.126+0.001 2.5240.09 0.7820.06
Contribution-based ~ 86.6+23  0.113£0.002 2.8220.08  0.76--0.04
Negotiation 91.1+1.9  0.064£0.002 3.03£0.04  0.600.01

Table 1: Overall performance of allocation mechanisms.
The table reports objective outcomes, including produc-
tive return ratio (PRR, higher is better) and inequality
measured by the Gini coefficient (lower is better),
together with subjective outcomes, including mean
satisfaction score (SS, higher is better) and its standard
deviation (Std, lower is better). PRR is computed as
productive output generated from processed surplus
divided by total resources allocated in the round.

their expressed fairness positions, and if so, what
patterns characterize these shifts?

We operationalize changes in expressed fairness
reasoning by mapping agents’ reflections written in
natural language into a fairness space derived from
embeddings and defined by three cardinal dimen-
sions: Equality, Merit, and Needs (Konow, 2003).
We use the bge-1large-en-v1.5 embedding model
to encode both reflections after each round and pro-
totypical anchor sentences into a vector space with
high dimensionality. This model was selected for its
strong representation capability in context and vali-
dated against alternative models in Appendix D. An-
chors were constructed by generating prototypical
statements for each dimension using GPT-4o0. Sen-
sitivity analyses confirming robustness to anchor
choice are provided in Appendix B.4. The complete
set of anchor sentences is reported in Appendix B.5.

Each agent ¢’s expressed position at round ¢ is
defined by its cosine similarity to these anchors,
yielding the coordinate triple (seq, Smerit Sneeds)-
These coordinates represent the semantic orien-
tation expressed in agents’ reflections rather than
direct measurements of latent psychological beliefs.
We quantify change across three layers: Magnitude,
defined as the Euclidean distance between initial
and final positions, Directional Shifts, defined as
changes along specific distributive dimensions, and
Emergence, defined as the increasing combination
of multiple fairness principles in later reflections.
These layers correspond respectively to the three
analytical subsections in Section 5.3.

5 Results and Analysis
5.1 Synergy Between Fairness and Efficiency

Consistent with the extensively documented
tradeoff between fairness and efficiency (Joe-Wong
etal., 2013; Kohler et al., 2014), static mechanisms
based on a single criterion struggle to sustain
productive return performance and subjective
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Subjective Satisfaction Score

Model Equal Needs  Contribution Negotiation
GPT-40-2024-11-20 2.374+0.03 2.524+0.09 2.82+0.08 3.03+0.04
GPT-5-Mini 2.484+0.04 2.61+0.06 2.96+0.11 3.19+0.03
Claude-3.5-sonnet ~ 2.434+0.04 2.56+0.07 2.87+0.04 3.12+0.02
Claude-sonnet-4 2.46+0.08 2.63+0.04 2.884+0.04 3.16+0.03
DeepSeek-V3.2 2.33£0.03 2.46+0.06 2.70+0.07  3.04+0.05
Gemini-2.5-Flash ~ 2.394+0.04 2.54+0.07 2.78+£0.05 3.05+0.03
Llama-2-70B 2.1940.06 2.29+0.04 2.50+0.04 2.80+0.02
Qwen-2.5-72B 2.36+0.05 2.46+0.04 2.724+0.08 3.02+0.06

Table 2: Subjective satisfaction scores across models and
allocation mechanisms. Across all tested model families,
negotiation yields the highest satisfaction among the
four mechanisms.

20.0

High_Subj_Low_Obj (False Satisfaction)

—+— Low_Subj_High_Obj (Excessive Criticism)
15.0

Deviation Rate (%)

5.0

Figure 4: Evolution of deviation rates across rounds.

consensus simultaneously. As shown in Figure 3,
Equal allocation preserves distributional equality
by construction but underuses heterogeneous labor
capacity, while Needs-based allocation prioritizes
survival claims in ways that leave fewer resources
available for productive reinvestment. Contribution-
based allocation improves the productive return
ratio (PRR) by rewarding productive capacity,
but it also produces higher inequality and greater
subjective dispersion than negotiation.

Under moderate resources, negotiation extends
the survival and production process and achieves
the highest PRR and satisfaction in the main setting
(Table 1). The zero Gini of Equal allocation is
structural, reflecting identical shares rather than
systemic robustness. Among mechanisms other
than Equal, negotiation also maintains the lowest
allocation inequality. This suggests that deliberative
coordination can partially navigate the tradeoff
between fairness and efficiency without a global
fairness objective specified in advance. The pattern
is directionally consistent with prior work on alloca-
tion sensitive to values and based on process (Kohler
etal., 2014; Ahlert and Schwettmann, 2017; Conlon
et al., 2004), though direct comparison remains
limited by differences in experimental design and
LLM simulation constraints (Zhou et al., 2025).

Subjective Consensus and Social Friction.
Beyond objective metrics, negotiation produces

the highest mean satisfaction score and the lowest
Score Std in the main comparison (Table 1), indi-
cating stronger agreement among heterogeneous
agents. This is consistent with procedural justice
accounts in which participation increases perceived
legitimacy and acceptance (Tyler, 2003; Lind, 2001;
Conlon et al., 2004). In our setting, negotiation does
not eliminate disagreement. Instead, it channels
disagreement into proposals that balance survival
needs, contribution incentives, and collective
resource continuity.

Synergy vs. Compromise. The success of negoti-
ation reflects more than simple averaging. “Defend
and Critique” cycles allow agents to balance
vulnerability protection with productive incentives.
Ablation results show that communication alone
is insufficient. Equal+Discussion improves subjec-
tive satisfaction relative to the static equal baseline,
but remains below full negotiation in both PRR and
satisfaction (Appendix A.4). This indicates that
discussion must affect the final allocation rule in
order to produce the observed gains.

Evaluations across models and population scales
show the same subjective ordering. Negotiation
yields the highest satisfaction across eight LLMs
and at 30, 50, and 100 agents, although absolute
satisfaction is lower with 100 agents (Table 2
and Appendix A.6). Component ablations and
sensitivity analyses show that PRR rankings
can vary across settings, while negotiation’s
subjective consensus advantage remains more
stable (Appendix A.4 and Appendix B.2).

5.2 Misalignment Between
Subjective and Objective Outcomes

Simulation results suggest that gaps between
subjective satisfaction and objective outcomes
are structured rather than random, varying with
repeated interaction, allocation mechanism, and
initial value orientation.

From Idealization to Adaptation. As shown in
Figure 4, the gap between subjective and objective
outcomes evolves through two distinct paths
that are not monotonic over simulation rounds.
Excessive criticism declines overall, although
with fluctuations across rounds, suggesting that
agents’ reported evaluations become less negative
relative to their objective outcomes as repeated
interaction and exposure to resource constraints
accumulate. Conversely, false satisfaction tends
to become more visible in later rounds, indicating
increasing tolerance of relatively unfavorable
material outcomes (Tyler, 1989; Skitka et al., 2021).
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Sit. S1 S22 ei:ez g Humanmodal choice GPT-40 modal choice p  Match
1 40 10 2:1 30 (10,20),EG,44.4% (15,15), ER/PG, 95.7% 0473  No
2 40 10 2:1 60 (20,40),EG,39.5% (30,30), U/ER/PG/PR, 93.8% 0.482 No
3 10 40 2:1 30 (20,10),EH/PR,42.0% (20,10), EH/PR, 100.0% 0.696  Yes
4 10 40 2:1 60 (30,30),ER/PG/EH, 58.0% (30,30), ER/PG/EH, 100.0% 0.714  Yes
5 25 10 2:1 30 (10,20),EG,52.2% (15,15), ER/PG, 82.7% 0.536  No
6 40 25 2:1 30 (10,20),EG,41.4% (15,15), ER/PG, 75.9% 0.812  No
7 70 10 2:1 30 (5,25),-,43.2% (5,25),-,53.1% 0.950  Yes
8 30 15 2:1 30 (10,20), EG 39.5% (15,15), ER/PG, 57.4% 0.536  No
9 30 15 2:1 60 (20,40),EG,38.5% (15,45), EH, 63.0% 0.429 No
10 40 20 31 20 (5,15),EG,43.2% (10,10), ER/PG, 82.7% 0.575 No
11 40 20 3:1 40 (10,30),EG,46.6% (10,30),EG, 87.7% 0.655  Yes
12 20 40 3:1 20 (10,10),ER/PG/EH, 54.9% (10,10), ER/PG/EH, 96.9% 0.900  Yes
13 25 5 31 20 (5, 15) EG, 48.4% (5,15), EG, 68.5% 0.678  Yes
14 25 5 3:1 40 (10,30),EG,40.1% (10,30), EG, 65.4% 0.614  Yes
15 55 15 31 20 (5,1 5) EG, 62.3% (5,15),EG, 59.3% 0.950  Yes
16 55 15 3:1 40 (5,35),—-,42.6% (5,35),-,69.8% 0.633  Yes

Table 3: Comparison of modal choices between human participants in Ahlert and Schwettmann (2017) and
GPT-40-2024-11-20 across all 16 health care allocation situations. Percentages denote the choice frequency of the
modal option within each population. GPT-40-2024-11-20 percentages are computed from 162 choices per situation.

These temporal patterns are consistent with social
psychological accounts of expectation adjustment
under repeated social exposure (Lissowski and
Swistak, 1995), though whether they reflect genuine
belief revision or LLM response regularities cannot
be determined from simulation alone.

Mechanism Impact. Allocation mechanism
choice substantially moderates misalignment
(Figure 5). Contribution-based allocation exhibits
the highest excessive criticism, consistent with
equity theory predictions that the salience of effort
and reward heightens sensitivity to distributional
shortfalls (Adams, 1965). Agents oriented toward
contribution also frequently reference unmet
expectations concerning effort and return in their
reflections. Negotiation yields lower excessive
criticism while still producing some false satisfac-
tion, suggesting that deliberative participation is
associated with greater acceptance of imperfect
objective outcomes rather than perfect alignment.

Misalignment Conditioned by Value Orientation.
Misalignment also varies systematically with initial
value orientation. Merit-based agents show the high-
est excessive criticism because their evaluations
appear tied to correspondence between effort and
reward rather than absolute gain. This is consistent
with research on inequity sensitivity (Adams,
1965; Miller, 2001) and evidence that individuals
oriented toward merit exhibit heightened sensitivity
to distributive shortfalls (Van Dijk and De Dreu,
2021). Altruistic agents are most prone to false
satisfaction because they emphasize collective
stability and protection of vulnerable households
over personal outcomes (Batson, 2011). However,
stated orientations and revealed behavioral patterns
may diverge in LLM agents (Shen et al., 2025), and
whether these patterns reflect genuine normative
reasoning remains an open question.

40 40
Pattern Pattern
s High_Subj_Low_Obj (False Satisfaction) High_Subj_Low_Obj (False Satisfaction)
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Figure 5: Identification of False Satisfaction and Exces-
sive Criticism. The left panel compares allocation mech-
anisms, and the right panel compares value orientations.

Value Type  Equality Change (%) Merit Change (%) Needs Change (%)

Altruistic 0.06 -0.07 -0.28

Egalitarian -0.25 0.35 271

Merit based 2.12 -2.70 5.48

Needs based 0.34 0.92 -0.01

Pragmatic 0.54 -0.32 2.14
Table 4: Changes in expressed fairness perception

across value types using BAAI/bge-large-en-v1.5
embeddings. Values report shifts in proximity to
equality, merit, and needs anchors between the first and
final observed rounds.

5.3 Evolution of Expressed Fairness: From
Initial Orientations to Hybrid Reasoning

Simulation results suggest that agents’ expressed
fairness positions shift over repeated interactions
as resource feedback and deliberation accumulate.
These changes appear in both embedding trajec-
tories and natural language reflections. Although
consistent with theoretical accounts of normative
adaptation and belief updating (McDonald and
Crandall, 2015; Tomasello, 2009), they should be
interpreted as shifts in expressed semantic positions
rather than direct evidence of latent belief revision.

Widespread Semantic Shift and Orientation
Persistence. Initial to final positions reveal
semantic change without uniform movement along
every dimension. By the final observed round,
embedding positions overlap more, suggesting
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Figure 6: Evolution of fairness positions derived from
embeddings. The left panel shows Round 1, and the
right panel shows the final observed round.

greater use of mixed fairness language (Figure 6).
Table 4 shows heterogeneous shifts. Merit-based
agents change most, with reduced proximity to
merit and increased proximity to needs anchors.
Egalitarian and pragmatic agents also use stronger
language related to needs. Needs-based agents re-
main comparatively stable on the Needs dimension,
while altruistic agents show only small aggregate
shifts. This heterogeneity is not readily explained
by uniform convergence and is consistent with
evidence that prior orientations shape how agents
update or reframe fairness judgments (Taber and
Lodge, 2006; Kunda, 1990).

From Anchors Based on a Single Principle to
Mixed Reasoning. Figure 6 suggests movement
from isolated positions based on a single principle
toward mixed semantic regions. Later reflections
increasingly combine sufficiency with considera-
tions of contribution and sustainability rather than
relying solely on equality, need, or merit. Initial ori-
entations do not disappear because agents continue
to differ in their justifications. Instead, repeated
interaction appears to make fairness language more
conditional and based on multiple criteria. This
is consistent with research showing that normative
positions may become more moderate in complex
environments with multiple norms (Carmines et al.,
2012; Demaree-Cotton and Kahane, 2018) and
illustrates computationally how hybrid fairness
language may emerge through iterative interaction.

Emergent Hybrid Fairness Language. The
fairness space suggests an increasing combination
of Equality, Merit, and Needs in later reflections. Its
denser overlap in Figure 6 (right) represents a region
where no single principle dominates, consistent
with human fairness preferences involving adaptive
tradeoffs rather than rigid rules based on one
criterion (Falk et al., 2015). Reflections indicate
that minimum survival guarantees, contribution
incentives, and collective resilience become more
closely connected over time. Repeated interaction

under resource constraints may therefore produce
fairness language that combines multiple distribu-
tive principles and extends beyond the assigned
orientation, offering computational hypotheses
about how hybrid justifications arise through
deliberation (Bicchieri, 2006).

5.4 Structural
Benchmark Grounded in Human Data

We provide a bounded comparison with human dis-
tributive behavior by benchmarking GPT-40 against
choice distributions from 16 controlled health care
allocation scenarios (Ahlert and Schwettmann,
2017). To isolate structural allocation sensitivity,
this benchmark excludes the repeated interaction,
personas conditioned on values, satisfaction feed-
back, and negotiation used in the main simulation.
GPT-40 shows moderate correspondence
in rankings with human choices, with a mean
Spearman correlation of p=0.665, and matches the
human modal choice in 9 of 16 situations (Table 3).
However, its choices are substantially more
concentrated, with an average modal share of 78.2%
compared with 46.0% for humans. We therefore
interpret this as partial structural grounding rather
than behavioral validation. GPT-40 responds
systematically to externally specified allocation
structures, but the benchmark does not validate
the negotiation advantage, satisfaction scores, or
longitudinal dynamics in fairness language.

6 Conclusion

We use multi-agent LLM simulation to study fair-
ness dynamics in repeated resource allocation. We
find that negotiation achieves fairness and efficiency
synergy, subjective and objective misalignment
varies across mechanisms and value orientations,
and expressed fairness positions shift toward hybrid
combinations of equality, merit, and needs. Our
embedding representation complements outcome
metrics by tracking changes in expressed fairness
language. These findings characterize LL.M-agent
interactions rather than human fairness behavior,
motivating matched human studies, broader model
comparisons, and larger-scale simulations under
more realistic institutional constraints.

Ethical Statement

Our work is a purely simulated, agent-based
study of fairness perception dynamics in abstract
resource-allocation environments. No real human
subjects, personal data, or deployed Al systems
are involved. We emphasize that LLM agents act
as “stochastic parrots” of human morality; their
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outputs are simulacra derived from training data
distributions, lacking lived experience or genuine
ethical intent. Therefore, our findings should be
interpreted as probing the mechanisms of linguistic
alignment, not as evidence of machine sentience.
While our findings shed light on how fairness
norms may emerge through interaction, we empha-
size that any real-world application—especially in
high-stakes domains such as disaster response, wel-
fare allocation, or algorithmic governance—must
involve robust human oversight, transparency, and
ethical review. Our framework is intended to inform
theoretical understanding of social dynamics,
not to prescribe or automate decisions affecting
human lives. We used ChatGPT only for language
polishing; all scientific content, design, and
interpretation are the authors’ own responsibility.

Limitations

Our simulation is subject to several methodological
limitations.  First, agents’ expressed fairness
positions are represented as embedding-derived
vectors over three fairness dimensions, which may
omit principles such as reciprocity and procedural
justice and cannot capture non-linear normative
dynamics. Second, LLM-generated satisfaction
scores measure a modeled construct rather than
validated subjective experience, and the produc-
tivity multiplier range [0.9,1.1], while grounded
in meta-analytic evidence, remains a modeling
assumption. Third, our design is subject to con-
straints identified by the PIMMUR principles (Zhou
et al., 2025): role-enforcement prompts partially
mitigate the Unawareness concern but cannot
fully prevent hypothesis inference; sliding-window
memory addresses the Memory constraint but
does not guarantee full belief persistence; and the
Realism concern reflects that our validation relies on
theoretical alignment and structural benchmarking
rather than direct human behavioral data. The
Abhlert—Schwettmann benchmark in Appendix H.1
provides a constrained structural comparison, but it
does not validate the main simulation’s negotiation
advantage, satisfaction scores, or longitudinal
fairness-language dynamics. Fourth, the survival
signal simplifies real social learning, which involves
reputation, emotion, and institutional incentives
absent here. Although we validate key findings
with 100 agents (Appendix A.6), scaling to larger
populations or partial observability settings would
require more sophisticated protocols. Finally, the
long-term stability of emergent hybrid norms under
regime shifts remains untested; future work inte-
grating human-subject experiments or behavioral

priors would strengthen ecological validity.
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Figure 7: Total resources over rounds under scarce
resource conditions.
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Figure 8: Total resources over rounds under abundant
resource conditions.
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Figure 9: Heatmap of correlations between subjective
satisfaction and objective indicators.

A Full Results Across Resource Levels

This appendix reports complete results for all
four allocation mechanisms under the Scarce,
Moderate, and Abundant resource conditions.
The Moderate condition is already fully analyzed
in the main text. Here, we provide additional
visualizations for Scarce and Abundant conditions,
followed by the full quantitative table.

A.1 Dynamics Under Scarce Resources

Figure 7 shows that under scarce resources, all
mechanisms face rapid pressure from survival

Objective metric Subjective metric

Mechanism Rounds

PRR(%) 1 Gini | SSt Std |
Static Voting 7-8  81.1£2.9 0.069+0.003 2.50+0.06 0.67+0.03
Equal+Discussion 6-7  79.0£3.2 0.000£0.000 2.65+0.03 0.66+0.03
w/o Iterative Filtering 9-10 83.3+1.8 0.064£0.001 2.7240.03 0.69+0.01
w/o Weighted Averaging  8-9  84.6+3.1 0.0611+0.006 2.65+0.06 0.71£0.02
Full Negotiation 20-20 84.241.1 0.065+0.001 3.284-0.04 0.63+0.03

Table 5: Ablation of individual components in the nego-
tiation pipeline. Full Negotiation achieves the strongest
subjective satisfaction and consensus while maintaining
competitive productive return and low inequality. Some
ablated variants produce slightly higher PRR over the
short run or marginally lower Gini, but have weaker
satisfaction outcomes and shorter persistence.

Subjective Satisfaction Score

Agent Number

Equal Needs Contribution ~ Negotiation
30 2.37£0.03 2.524+0.09 2.82+0.08 3.03+0.04
50 2.45+£0.04 2.53+0.05 2.75+0.05 3.03+0.07
100 2.39£0.04 2.494+0.03 2.72+0.02 2.92+0.02

Table 6: Subjective satisfaction scores across allocation
mechanisms at three population scales of 30, 50, and
100 agents, simulated using GPT-40. Negotiation
consistently achieves the highest satisfaction score
across all tested scales, although the absolute score
decreases in the condition with 100 agents.

constraints. Equal and Needs-based mechanisms
collapse earliest, while Contribution-based and
Negotiation persist somewhat longer. Negotiation
achieves the highest PRR and the lowest satisfaction
dispersion in this condition, but scarcity remains
a severe constraint on all mechanisms.

A.2 Dynamics Under Abundant Resources

As shown in Figure 8, abundant initial resources
delay collapse for static rules and allow longer
resource trajectories. In this setting, Contribution-
based allocation obtains the highest PRR, while
Negotiation continues to produce the highest
satisfaction and strongest subjective consensus.

A.3 Full Quantitative Results

Table 7 reports complete results across all condi-
tions, including objective metrics (PRR, Gini) and
subjective metrics (satisfaction, satisfaction std).
Negotiation achieves the highest PRR under scarce
and moderate resources, while contribution-based
allocation achieves the highest PRR under abundant
resources. Across all resource levels, negotiation
produces the highest satisfaction and the lowest
satisfaction dispersion.

A.4 Mechanism Validity: Is Negotiation
More Than a “Talking Cure”’?

A potential confounder in evaluating the negotiation
mechanism is whether satisfaction gains stem
simply from agents having an outlet to express
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views, an effect described as the “voice effect” in
procedural justice theory (Tyler, 2003), rather than
from the process of building consensus. To isolate
these factors, we introduced Equal+Discussion. In
this condition, agents engage in the full “Defend and
Critique” dialogue phase, but the final allocation
remains a strict equal split regardless of the
discussion outcome. This effectively separates
communication from influence on decision making.

As shown in Table 5, Full Negotiation sub-
stantially outperforms Equal+Discussion in both
PRR (84.2% vs. 79.0%) and satisfaction (3.28 vs.
2.65). Equal+Discussion improves satisfaction
relative to the static Equal baseline, indicating that
communication has some subjective value, but it
remains well below Full Negotiation and terminates
earlier. This suggests that communication alone is
insufficient unless deliberation can influence the
final allocation rule.

We further ablate two internal components.
Removing Iterative Filtering produces a moderate
decline in subjective satisfaction relative to Full
Negotiation.  Removing Weighted Averaging
yields a slightly higher PRR over the short run and
marginally lower Gini, but produces substantially
lower satisfaction and higher satisfaction dispersion.
Together, these results show that the full negotiation
pipeline is best understood as improving the balance
among productive return, satisfaction, consensus,
and persistence, rather than as maximizing every
isolated metric.

A.5 Correlation
Analysis and Deviation Criteria

Figure 9 presents the Spearman correlation coeffi-
cients between agent satisfaction and various objec-
tive indicators across different value orientations.
In the current results, Needs-based agents show the
strongest positive alignment with material indica-
tors and indicators related to expectations, including
their own resource share and deviations from both
the community mean and expected allocation. Prag-
matic agents show weaker but positive alignment
with several indicators, whereas Merit-based agents
do not exhibit strong positive correlation with abso-
lute gains and show weaker or negative associations
with some measures based on deviation. Egalitarian
agents correlate more strongly with per capita indi-
cators and indicators of need satisfaction than with
their own resource share, suggesting that their eval-
uations are less tied to absolute material gain alone.

Based on these distributions, we define the
misalignment categories using thresholds based
on quartiles. Let S'i,t be the percentile rank within

each round of the satisfaction score and ONM be the
percentile rank within each round of the objective re-
source share for agent ¢ at round ¢, both scaled to the
range [0,1]. The categories are defined as follows:

. FalsNe Satisfaction (High S/LOYV 0):

Sit € [Prs,Pioo) AND  O; ;€ [Py, Pos)
¢ Excessive Criticism (Low S/High O):

Sit €[Po,Pas] AND  O; 4 €[ Prs,Proo]
where Py represents the percentile threshold
corresponding to k in the respective distribution
within each round.

A.6 Scale
Validation: Population Size Robustness

To assess whether the main findings generalize
beyond the primary setting with 30 agents, we
conducted additional simulations with 50 and 100
agents using GPT-40. Agent compositions maintain
the same proportional distribution across five value
orientations. As shown in Table 6, the negotiation
mechanism consistently achieves the highest sub-
jective satisfaction score across all three population
scales, with scores of 3.03, 3.03, and 2.92 for 30, 50,
and 100 agents, respectively. The relative ordering
of subjective satisfaction remains stable across
scales. Contribution-based consistently outper-
forms Equal and Needs-based allocation, while
Negotiation maintains an advantage over all static
rules. These results suggest that the primary finding
about subjective consensus is robust to population
size within the range tested, though we note that
all scale conditions were simulated using a single
model (GPT-40) and that validation across models
at larger scales remains an avenue for future work.

B Parameter Sensitivity Analysis

This appendix evaluates the robustness of the
simulation by varying four components introduced
in Section 3.2 and Section 4.3: (1) the efficiency
FE of converting surplus into production, (2) the
scaling from satisfaction to incentives s;, (3)
survival needs survival_need;, and (4) the anchor
sentences used to construct the fairness space
derived from embeddings. Rather than treating
robustness as exact invariance across all metrics, we
examine whether the main qualitative conclusions
remain stable when key modeling assumptions are
changed. The corresponding quantitative tables
are reported in Appendix A. Across these tests,
negotiation remains especially robust in subjective
satisfaction and consensus, while Productive Return
Ratio (PRR) rankings vary under some sensitivity
settings. The analysis of anchor sentences further
shows that the embedding results depend on the
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Objective Metric Subjective Metric
Mechanism Resource Level PRR (%) Gini Satisfaction Score  Satisfaction Std
Scarce 73.4+6.5 0.00040.000 2.27+0.04 0.67+0.04
Equal Moderate 75.3+£1.3  0.00040.000 2.371+0.03 0.68+0.06
Abundant 80.0£1.8  0.000£0.000 2.4140.05 0.70+0.03
Scarce 67.6t1.5 0.11740.002 2.484+0.08 0.81+0.04
Needs-based Moderate 69.8+1.7 0.12640.001 2.521+0.09 0.78+0.06
Abundant 66.2+1.3 0.12540.002 2.561+0.03 0.81+0.05
Scarce 78.6+£1.8 0.1014+0.005 2.61+0.02 0.71+0.03
Contribution-based ~ Moderate 86.6+2.3 0.113£0.002 2.82+0.08 0.76+0.04
Abundant 84.7+1.2 0.10440.001 3.02+0.03 0.80+0.02
Scarce 81.1+3.4 0.05940.004 2.82+0.05 0.51+0.03
Negotiation Moderate 91.1+1.9 0.06440.002 3.03+0.04 0.60+0.01
Abundant 81.3+0.9 0.065+0.002 3.12+0.02 0.62+0.02

Table 7: Full results across three resource levels for all four allocation mechanisms.
Return Ratio. Negotiation achieves the highest PRR under scarce and moderate resources, while contribution-based
allocation obtains the highest PRR under abundant resources. Negotiation produces the highest satisfaction and

PRR denotes Productive

lowest satisfaction dispersion across all resource levels.

Baseline (£ = 2.0) E=1.5 E=25
Mechanism

PRR SS PRR SS PRR SS
Equal 80.943.1 2.384+0.03 59.8+0.2 2.32+0.04 46.3+0.1 2.834+0.03
Needs-based 70.64+0.8 2.5340.04 53.5£1.0 2.44+0.18 47.240.2 3.06+0.02
Contribution 85.142.2 2.7740.08 47.5£8.9 2.58+0.05 45.1+0.1 3.1940.01
Negotiation ~ 89.2+1.9 3.04+0.08 44.7+0.5 2.781+0.06 44.9+0.1 3.2110.03

Table 8: Sensitivity of system performance to production
efficiency £. PRR denotes Productive Return Ratio.
Values are reported as mean + sample standard deviation
across five runs.

Baseline (s; =0.9-1.1)
PRR SS

Without s ;
PRR SS

s;=0.8-1.1
PRR Ss

Mechanism

Equal 774+£1.0 2.4140.04
Needs-based 70.5+£0.8  2.5240.04
Contribution 85.6+1.5 2.7740.03
Negotiation  90.6+1.5  3.061-0.07

83.3+£0.0 2.4040.02 69.24£2.0 2.3440.06
60.31+1.1 2.53+0.04 63.846.7 2.55+0.09
90.9£0.0 2.9740.04 74.4+3.5 2.614-0.08
91.0+£1.5 3.041+0.03 78.2+5.0 2.8510.04

Table 9: Sensitivity analysis on satisfaction coefficient
s;. PRR denotes Productive Return Ratio. Values are
reported as mean + sample standard deviation across
five runs.

Baseline (2L ; + N;) 1.5L;+0.5N; 2.5L;+1.5N;
Mechanism

PRR SS PRR SS PRR SS
Equal 78.1+£3.7 235+0.03 81.7£09 24340.04 78.9+25 2.3940.06
Needs-based  69.7%2.0 25620.05 70215 2584009 699423 2.54£0.06
Contribution 85.442.3 2.764+0.04 859423 2.8240.07 84.9+£2.3 2.82+0.04
Negotiation  91.24+1.2 3.094+0.01 90.7+1.5 3.06+0.06 89.4+1.1 3.02+0.08
Table 10: Sensitivity analysis of survival needs.

Baseline uses 2L; 4+ NV;. Alternative settings test lighter
(1.5L;+0.5N;) and heavier (2.5L; +1.5N;) consump-
tion demands. PRR denotes Productive Return Ratio.

operationalization of fairness dimensions, but still
support the broader finding that agents’ expressed
fairness language moves toward more mixed
reasoning involving multiple principles.

Value Type  Equality Change (%) Merit Change (%) Needs Change (%)

Altruistic 1.70 -0.23 -0.37

Egalitarian 1.86 -0.60 2.68

Merit based 3.24 -2.66 4.12

Needs based 2.94 0.40 -0.55

Pragmatic 2.34 -0.23 1.66
Table 11: Sensitivity analysis of expressed fairness

change using an alternative set of anchor sentences under
BAAI/bge-large-en-v1.5. Values report percentage
shifts in proximity to Equality, Merit, and Needs anchors
between the first and final observed rounds.

B.1 Varying Production Efficiency

Table 8 reports system performance when the
production efficiency coefficient is reduced to
E =1.5and increased to E'=2.5. These sensitivity
runs use separate batches of five runs for each
parameter setting. Baseline cells should therefore
be interpreted as controls within each family rather
than as exact duplicates of the main result table.

Reducing E lowers productive returns and
sharply compresses the feasible resource space.
Under this condition of low efficiency, negotiation
no longer has the highest PRR. Equal, Needs-based,
and Contribution-based allocation all retain higher
productive return ratios. However, negotiation still
produces the highest subjective satisfaction score,
indicating that its deliberative advantage is more
stable for perceived fairness than for productive
return over the short run under severe production
constraints.

Increasing E' expands productive capacity, but
PRR does not increase mechanically because PRR is
calculated as productive output relative to resources
allocated in that round. Under E = 2.5, all mech-
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anisms survive through the full simulation horizon,
but their PRR values converge to a lower and nar-
rower range as resource pools expand. Subjective
satisfaction nevertheless remains ordered in favor
of negotiation. These results show that production
efficiency affects both the magnitude and ranking of
productive return outcomes, while the satisfaction
advantage of negotiation remains more consistent.

B.2 Varying
Satisfaction Scaling in Incentives s;

Table 9 alters the satisfaction coefficient range
from the baseline s; € [0.9,1.1] to two variants:
(i) removing the effect entirely (s; = 1), and (ii)
increasing heterogeneity to s; € [0.8,1.1].

When the satisfaction multiplier is removed,
satisfaction no longer feeds back into production.
In this setting, negotiation and contribution-based
allocation produce very similar PRR values, with
negotiation remaining only slightly higher. More
importantly, negotiation continues to produce the
highest subjective satisfaction, suggesting that its
advantage is not reducible to the feedback loop
between satisfaction and production alone.

Expanding the range to s; € [0.8,1.1] increases
the penalty associated with low satisfaction and
makes resource dynamics more volatile. Under this
wider range, negotiation still achieves the highest
PRR and SS among the four mechanisms, but
both values decrease relative to the baseline. Thus,
motivational heterogeneity does not mechanically
amplify negotiation performance. Instead, negoti-
ation remains comparatively resilient under a more
demanding feedback condition.

B.3 Varying Survival Needs survival_need;

Table 10 modifies survival requirements from the
baseline
survival_need; =2L;+ N;
to two alternatives:
1.5L;+0.5N;, 2.5L;+1.5N;.

Changing survival requirements affects both
surplus at the household level and the global
processing limit:

M= %, S= ;survival_needi,

which jointly constrain all households. Lighter
survival needs increase the amount of available
surplus, while heavier needs tighten the survival
constraint and reduce the margin available for
productive reinvestment.

Across all three specifications of survival
needs, negotiation maintains the highest PRR and
subjective satisfaction. The condition with heavier

needs reduces negotiation performance modestly,
but does not overturn the main ordering. These
results suggest that the negotiation advantage is
not tied to a single specification of survival cost,
although absolute outcomes remain sensitive to
how demanding the survival threshold is.

B.4 Sensitivity
Analysis: Alternative Anchor Sentences

To examine whether the results on belief evolution
depend on the exact wording of the anchor sen-
tences, we conduct a sensitivity analysis using an
alternative set of anchors. The alternative anchors
preserve the same three analytical dimensions of
Equality, Merit, and Needs, but use different surface
forms and vocabulary. For example, the primary
equality anchor “Resources should be distributed
exactly evenly among all families” is replaced with
“Every individual is entitled to an identical share of
the communal pool.” We then recalculate the belief
trajectories derived from embeddings and the per-
centage shifts using the alternative reference frame.
Table 11 shows that anchor phrasing changes the
magnitude and, in some dimensions, the direction
of the estimated shifts. In particular, the alternative
anchor set yields positive Equality changes across
all value types, whereas the primary BGE analysis
shows smaller and more mixed Equality movements.
At the same time, several broader patterns remain in-
formative. Merit proximity declines for most value
types, and Needs proximity increases for Egalitar-
ian, Merit-based, and Pragmatic agents. These re-
sults indicate that the embedding analysis should be
interpreted as an operational measure of expressed
semantic movement rather than as an estimate of
latent belief change that is independent of the model.
Overall, the analysis using alternative anchors
supports the qualitative conclusion that later
reflections occupy a more mixed fairness space,
but it does not imply that every dimension changes
in the same direction under every measurement
specification. This more cautious interpretation is
consistent with the main text. Repeated interaction
produces heterogeneous semantic shifts rather than
uniform convergence along a single fairness axis.

B.5 Anchor Sentences

We construct the fairness belief space using two
sets of anchor sentences per dimension: a primary
set used in the main experiments and an alternative
set used for sensitivity analysis (Appendix B.4).
The anchors are designed as prototypical reference
statements for the semantic centroids of Equality,
Merit, and Needs, and were reviewed to preserve
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dimensional distinctiveness.

Equality Primary:
1. “Resources should be distributed exactly evenly
among all families.”
2. “Every agent s entitled to an identical share of the
available resources, regardless of their capacity.
3. “A fair distribution means strict equality, where
no one receives more or less than anyone else.”
Alternative:
1. “Every individual is entitled to an identical share
of the communal pool.”
2. “Resource allocation must be strictly uniform
across all participating members.”
3. “True justice requires that the total output is
divided into perfectly equal portions.”

’

Merit Primary:

1. “Resources should be allocated strictly in propor-
tion to each family’s productive contribution.”

2. “Those who exert more effort and generate more
surplus deserve a correspondingly larger share.”

3. “A fair system rewards agents based on their
actual labor output and efficiency.”

Alternative:

1. “Rewards must directly reflect the amount of
effort and tangible output provided by each
participant.”

2. “Distributional justice means compensating
individuals according to the value they create.”

3. “Itis only fair that those who contribute the most
to the pool receive the highest returns.”

Needs Primary:

1. “Resource allocation should prioritize meeting
the basic survival thresholds of every family.”

2. “Those with greater vulnerabilities or larger
family sizes must receive sufficient resources to
survive.”

3. “Fairness means ensuring no community
member falls below the minimum required for
subsistence.”

Alternative:

1. “A just distribution guarantees that the funda-
mental survival requirements of all agents are
fulfilled first.”

2. “Resources must be directed primarily to
those who need them most urgently to prevent
systemic collapse.”

3. “Equity is achieved when allocations are tailored
to the specific deficit and consumption needs of
each household.”

We acknowledge that all anchor sets reflect semantic

centroids defined by researchers. The analysis

using alternative anchors partially addresses this
concern by testing whether the main interpretation

depends on a single lexical formulation of the
fairness dimensions.

B.6 Representative Agent Reflection Patterns

To illustrate the process of belief evolution de-
scribed in Section 5.3, we summarize representative
reflection patterns observed across value orienta-
tions. These examples should be interpreted as
qualitative summaries of recurring language in the
released reflection logs, rather than as independent
numerical evidence for the embedding results.

Egalitarian Agents. Egalitarian agents initially
emphasize equal standing and identical treatment.
In later rounds, their reflections often continue
to value equal treatment but add qualifications
about survival security, household heterogeneity,
and the need to maintain the resource pool. This
pattern is consistent with the main BGE analysis,
where Egalitarian agents show a small decrease
in Equality proximity but increased proximity to
Merit and Needs anchors.

Merit-based Agents. Merit-based agents
begin from the view that resources should reflect
productive contribution. Over repeated rounds,
they remain attentive to effort and labor input,
but increasingly acknowledge that a rule based
purely on contribution can be unstable if vulnerable
households fall below survival thresholds. This ori-
entation shows the largest shift across dimensions
in Table 4, with Merit proximity decreasing and
Needs proximity increasing.

Needs-based Agents. Needs-based agents consis-
tently foreground survival thresholds and protection
from shortfall. Later reflections tend to preserve
this basic orientation while adding language
about resource continuity, contribution incentives,
and the limits of allocation based on need when
productive capacity is strained. This corresponds
to the aggregate change close to zero in the Needs
dimension for Needs-based agents, alongside
modest increases in Equality and Merit proximity.

Altruistic Agents. Altruistic agents frequently
frame fairness around protecting vulnerable house-
holds and avoiding harm. Across rounds, they often
incorporate sustainability language, emphasizing
that helping others requires preserving the capacity
of the community and household to continue pro-
ducing resources. Their aggregate embedding shifts
are comparatively small, suggesting that altruistic
language remains relatively stable while becoming
more operationally tied to resource continuity.
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Pragmatic Agents. Pragmatic agents initially
emphasize workable rules, efficiency, and resource
continuity. Later reflections increasingly combine
this practical orientation with references to baseline
security and social acceptance. Their movement
toward language related to Needs in Table 4 is
consistent with this pattern. Pragmatic reasoning
remains concerned with system viability, but
becomes more explicit about the survival conditions
needed to sustain cooperation.

Across orientations, three patterns recur: (1)
reflections in the first round remain close to
assigned value commitments, (2) later reflections
increasingly refer to observed allocation outcomes,
survival margins, and resource pool dynamics, and
(3) final reflections more often combine equality,
merit, and needs language rather than relying on
a single fairness principle. The evidence therefore
supports heterogeneous semantic movement toward
hybrid reasoning, not uniform convergence or
disappearance of initial value orientations.

C Qualitative Dialogue Analysis (RQ3)

This appendix provides a qualitative examination
of negotiation dialogues and voting behavior. It
complements the quantitative results by showing
how agents justify proposals, express value commit-
ments, critique competing allocation principles, and
move toward compromise during the negotiation
process.

C.1 Representative Negotiation Excerpts

Agents consistently ground their proposals in
explicit normative principles rather than arbitrary
preferences. The examples below are representative
of recurring language patterns in the released
negotiation logs. They are lightly shortened
for readability, while preserving the substantive
reasoning structure.

Agent Oriented Toward Equality.

“From our perspective, fairness means
equal standing, transparency, and low
disparity. This plan keeps household
shares close enough that the rule remains
easy to understand; the tradeoff is that
it can flatten real differences in house-
hold size, labor force, and immediate
pressure.”

Needs-Based Agent.

“This plan starts from survival require-
ments before distributing the remaining
surplus. Its strength is that it protects

households under pressure; its cost is
that it can weaken the direct connection
between extra labor and extra reward.”

Merit-Based Agent.

“The community needs a rule that gives
more weight to labor capacity and
the work needed to keep resources
circulating, even though it can feel thin to
households with fewer workers or larger
survival burdens.”

Altruistic Agent.

“The principle is protection for vulnerable
households and shared resilience. The
community needs a rule that starts from
survival requirements before distributing
the remaining surplus, even though it can
weaken the direct connection between
extra labor and extra reward.”

Pragmatic Agent.

“We see this as a compromise built around

workability, resource continuity, and
efficient use of surplus. Its main strength
is that it keeps the rule understandable;
its cost is that it may miss some real
differences across households.”

Evidence of Responsive Adaptation. Agents
also revise their positions in response to competing
concerns:

“A workable settlement should combine
the strongest parts of the proposals. Our
household can accept this share if the
community also keeps survival margins
visible and avoids unnecessary disparity.
That feels closer to a shared rule than
insisting on one pure principle.”

These excerpts show that the negotiation process
contains explicit normative reasoning, including
equality, survival protection, contribution, and
resource continuity concerns.

C.2 Behavioral Consistency of Value
Orientations: Quantitative Validation

To verify that agents behaviorally follow their
assigned value orientations rather than exhibiting
arbitrary or uniform preferences, we extract voting
records from negotiation runs and analyze proposal
ratings by value orientation.
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Value Orientation Mean Rating by Proposal Type

Equality-leaning Merit-leaning Needs-leaning

Egalitarian 4.16 2.08 2.83
Merit-based 2.55 4.56 2.87
Needs-based 332 2.73 4.55
Altruistic 3.43 2.79 4.08
Pragmatic 2.85 4.01 324

Table 12: Mean proposal ratings by value orientation
and proposal type. Bold values indicate the proposal
type receiving the highest rating within each orientation.
Ratings are computed from the released voting records
of the negotiation process.

Proposal Classification. Each proposal is
classified into one of three types based on its
distributional properties: Equality-leaning, Merit-
leaning, or Needs-leaning.  Equality-leaning
proposals emphasize low allocation disparity.
Merit-leaning proposals give greater weight to labor
contribution and productive return. Needs-leaning
proposals prioritize survival thresholds and
household pressure. Mixed proposals are excluded
from the summary of value consistency in Table 12.

Results. Table 12 shows clear voting patterns
conditioned by value orientation. Egalitarian agents
assign the highest ratings to Equality-leaning
proposals, Merit-based agents strongly prefer
Merit-leaning proposals, and Needs-based agents
strongly prefer Needs-leaning proposals. Altruistic
agents also rate Needs-leaning proposals highest,
consistent with their emphasis on protecting
vulnerable households. Pragmatic agents rate
Merit-leaning proposals highest while also assign-
ing moderate ratings to Needs-leaning proposals,
reflecting their concern with productive continuity
as well as workable compromise.

These patterns support the interpretation that
assigned orientations function as behavioral filters
during negotiation rather than merely as prompt
labels at the surface level.

C.3 Qualitative Reasoning Patterns in Voting

Agents’ verbal justifications during voting further
corroborate the quantitative patterns. Egalitarian
agents frequently invoke transparency, equal
standing, and low disparity, and often downgrade
proposals that introduce unequal treatment without
a clear justification. Needs-based agents evaluate
proposals by whether they protect households
from survival shortfall and criticize allocations
that ignore heterogeneous survival requirements.
Merit-based agents favor proportional reward tied
to labor and contribution, citing effort, productive
capacity, and return to the resource pool. Pragmatic
agents evaluate proposals by feasibility, continuity,

and whether a rule can remain acceptable across
rounds. Altruistic agents prioritize harm avoidance
and shared resilience, often supporting proposals
that protect households under pressure.

Together, these qualitative patterns demonstrate
coherent reasoning conditioned by value orientation
and consistent with the voting evidence in Table 12.

C.4 Emergence of Hybrid Fairness Language

Across rounds, negotiation dialogues increasingly
combine equality, need, contribution, and sus-
tainability considerations. This does not mean
that initial value orientations disappear. Rather,
agents often preserve their original priorities while
borrowing language from other fairness principles
when evaluating compromise proposals.

Justifications Using Multiple Criteria. Nego-
tiation statements in later rounds often synthesize
several criteria:

“A fair outcome should not ignore survival
thresholds, household pressure, and
protection from shortfall, but it also needs
to remain workable for the community
over future rounds.”

Dialogue Oriented Toward Compromise.
Agents explicitly refer to the need to integrate
others’ concerns:

“The proposed direction keeps our
household above survival, yet it also
asks us to judge whether the broader
distribution respects contribution, trust,
and continuity. That balance matters
more than any single number.”

Borrowing Across Values. Egalitarian agents
begin referencing survival margins. Needs-based
agents adopt language about balance and system
continuity. Merit-based agents acknowledge that a
contribution rule can become unstable if vulnerable
households fall below survival thresholds. Prag-
matic agents increasingly invoke both productive
return and baseline security.

Emergence of Hybrid Norms. By later negoti-
ation rounds, proposals and comments more often
reflect blended reasoning: equal treatment adjusted
for survival pressure, contribution incentives
moderated by welfare concerns, and resource
continuity weighed alongside distributional
legitimacy. This linguistic pattern aligns with
the evidence from embeddings in Section 5.3.
Agents’ expressed fairness positions become more
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Value Type  Equality Change (%) Merit Change (%) Needs Change (%)

Altruistic -3.29 -0.43 -0.91

Egalitarian -3.37 0.23 1.56

Merit based 0.64 -6.21 6.20

Needs based -3.07 -0.33 -3.43

Pragmatic -1.72 -2.68 0.06
Table 13: Changes in expressed fairness perception

across value types under text-embedding-3-small.
The table reports percentage shifts in agents’ proximity
to equality, merit, and needs anchors between the first
and final observed rounds.

Value Type  Equality Change (%) Merit Change (%) Needs Change (%)
Altruistic -3.60 -1.50 -1.53
Egalitarian -4.18 0.40 -0.76
Merit based 0.57 -5.66 10.08
Needs based -2.69 0.23 -0.59
Pragmatic 0.55 -1.37 3.07

Table 14: Changes in expressed fairness perception
across value types under all-mpnet-base-v2. The
table reports percentage shifts in agents’ proximity to
equality, merit, and needs anchors between the first and
final observed rounds.

mixed over repeated interaction, while remaining
heterogeneous across value orientations.

Overall, these dialogue and voting records
suggest that agents do not simply repeat predefined
templates. They construct and refine fairness
arguments in response to peer objections, observed
resource conditions, and the need to reach a
workable allocation rule.

D Consistency Across Embedding Models

To assess whether the findings about belief
evolution in RQ3 depend on a single embedding
model, we conduct a robustness analysis using
two additional sentence encoders beyond the
primary BAAI/bge-large-en-v1.5 model re-
ported in Section 5.3. The alternative encoders are
text-embedding-3-small, representing a com-
mercial embedding API, and all-mpnet-base-v2,
a widely used open source Sentence-BERT baseline.

For each encoder, we encode again the same cor-
pus used in the main analysis of belief evolution.
This corpus contains agents’ reflection texts from
the first and final rounds across four allocation mech-
anisms and three resource levels. Each encoded text
combines the agent’s evaluation after the round and
its stated fairness understanding. We also encode the
same equality, merit, and needs anchor sentences.
For each fairness dimension, we compute an anchor
centroid by averaging the embeddings of that dimen-
sion’s anchor sentences. We then map each reflec-
tion into a fairness space with three dimensions us-
ing cosine similarity to the corresponding centroids.

No supervised projection head, trained classifier,
or fitted transformation is used. Each embedding
model is evaluated in its own native vector space,

and the reported values are percentage changes in
semantic proximity to the equality, merit, and needs
anchor centroids from the first to the final observed
round. The resulting coordinates should therefore
be interpreted as semantic proximity scores specific
to each model rather than direct measurements of
latent beliefs.

The robustness analysis supports the broader
conclusion that agents’ expressed fairness language
changes over repeated interaction, but it also shows
that the exact direction and magnitude of change
depend on the embedding model. We therefore
interpret the embedding results conservatively.
They provide evidence of semantic movement and
increasing use of mixed fairness language, not a
claim independent of the model that every value
orientation changes in the same direction.

D.1 OpenAl text-embedding-3-small

Table 13  reports the results under
text-embedding-3-small. The pattern is
mixed rather than uniformly directional. Equality
proximity decreases for most value types, including
Altruistic, Egalitarian, Needs-based, and Pragmatic
agents, while Merit-based agents show a small
increase in Equality proximity. Merit proximity
declines for most value types, most strongly among
Merit-based agents. Needs proximity also varies. It
increases for Egalitarian, Merit-based, and slightly
for Pragmatic agents, but decreases for Altruistic
and Needs-based agents.

The strongest pattern under this encoder is the
shift among Merit-based agents. Their proximity
to Merit decreases while their proximity to Needs
increases.  This is consistent with the main
interpretation that orientations initially based on
a single principle can become more mixed after
repeated resource feedback and social interaction.
However, the OpenAl embedding results do not
support a claim that all initial fairness principles are
universally reduced in emphasis.

D.2 SBERT all-mpnet-base-v2

Table 14 reports the results under
all-mpnet-base-v2. This encoder also pro-
duces heterogeneous shifts. Equality proximity
decreases for Altruistic, Egalitarian, and Needs-
based agents, but increases slightly for Merit-based
and Pragmatic agents. Merit proximity declines
for Altruistic, Merit-based, and Pragmatic agents,
while increasing slightly for Egalitarian and
Needs-based agents. Needs proximity decreases
for Altruistic, Egalitarian, and Needs-based agents,
but increases for Merit-based and Pragmatic agents.
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As with text-embedding-3-small, the clearest
result is that Merit-based agents move away from
a semantic position centered purely on merit and
toward stronger language related to needs. Prag-
matic agents also show increased Needs proximity
under this encoder, consistent with reflections in
later rounds that combine resource continuity with
survival protection. These results reinforce the
claim that later fairness language becomes more plu-
ralistic, while also showing that embedding models
differ in how they weight lexical and semantic cues.

Conclusion. Across  the  primary
BAAI/bge-large-en-v1.5 analysis and the
two alternative encoders, the embedding results
consistently show semantic movement between
the first and final observed rounds. The models
also converge on a qualitative pattern in which later
reflections contain more mixed fairness language,
especially combinations of contribution, survival
need, and collective resource continuity. At the
same time, the direction of change is not identical
across all models or value types. We therefore
do not claim that repeated interaction uniformly
reduces every initial fairness principle. Instead,
the robust conclusion is that agents conditioned
by value orientation do not remain fixed at their
initial semantic anchors. Their expressed fairness
reasoning becomes more heterogeneous and
involves multiple principles over time.

E Experimental Setup

This appendix details the experimental configu-
ration of our fairness allocation simulations with
multiple agents, including agent architecture,
interaction protocols, inference settings, and
computational resources.

E.1 Simulation Protocol and Interaction Loop

We deploy a primary population of N = 30 agents
participating simultaneously in an environment
involving survival and production. Each simulation
proceeds in discrete rounds, with a maximum
horizon of 20 rounds. Runs may terminate early if
a household fails to meet its survival threshold or
if the resource pool is depleted.

* Initialization: Agents are assigned in advance
to one of five value types: Altruistic, Egalitarian,
Merit-based, Needs-based, and Pragmatic. In
the primary setting with 30 agents, these value
orientations are balanced, with six agents per type.
Additional experiments at population scales of
50 and 100 agents are reported in Appendix A.6.

* Resource Conditions: The main simulations
evaluate three resource levels: scarce, moderate,

and abundant. These conditions vary the
initial resource pool while keeping household
composition, survival thresholds, and production
rules fixed within each experimental setting.

* Allocation Mechanisms: Each run uses one of
four allocation mechanisms: Equal, Needs-based,
Contribution-based, or Negotiation. The first
three mechanisms apply predefined allocation
rules, while the negotiation mechanism derives
the final allocation through proposal generation,
discussion, voting, and weighted consensus
formation.

e Negotiation Structure: In the Negotiation
mechanism, each round begins with 30 allocation
proposals generated by agents. Agents then
participate in discussion and evaluate candidate
proposals through three voting stages: an initial
screening vote, a revision vote, and a final review
vote. The candidate pool is reduced across stages,
and the final allocation is computed as a weighted
average of the remaining proposals receiving high
ratings rather than by selecting a single winner.

¢ Evaluation and Feedback: After each allocation,
agents generate reflections and satisfaction
scores for the completed round. These subjective
evaluations enter the production loop through the
production multiplier dependent on satisfaction
described in Section 3.2.

e Termination: Simulations run for at most 20
rounds. Early termination occurs when the
allocation fails to satisfy survival constraints or
when the resource dynamics no longer support
continuation. As a result, different mechanisms
and resource conditions may have different
observed round counts.

E.2 Prompt
Engineering and Role Enforcement

The prompt design is intended to keep agents
aligned with their assigned value orientations while
allowing them to respond to changing resource
conditions. The prompt context includes the
following components:

1. Agent Identity and Value Orientation: Each
agent is assigned a household identity and one
of the five value orientations. This orienta-
tion shapes how the agent evaluates fairness,
proposes allocations, and interprets tradeofts.

2. Household and Community State: Prompts in-
clude household composition, labor capacity, sur-
vival threshold, current resource level, and rele-
vant allocation information for the current round.

3. Task Specific to Each Mechanism: Depending
on the mechanism, agents either evaluate an
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allocation generated by a static rule or participate
in proposal, discussion, voting, and consensus
stages under negotiation.

4. Role Consistency: Agents are instructed to
speak from the perspective of their assigned
household and to avoid metacommentary
unrelated to the simulation setting.

5. Limited Interaction History: For negotiation
runs, agents receive recent dialogue and proposal
context sufficient to support continuity across
stages while keeping the prompt within context
limits.

We use prompting with zero examples and with-
out parameter fine tuning. The goal is to evaluate
how language model agents conditioned by values
reason within the specified resource allocation envi-
ronment, not to train specialized allocation policies.

E.3 LLM Inference Hyperparameters

The primary simulations with 30 agents and the
Ahlert and Schwettmann structural benchmark
use gpt-40-2024-11-20. To examine whether the
satisfaction pattern is specific to one model family,
we additionally evaluate runs under moderate
resources across eight model families, as reported
in Table 2. These runs comparing models use the
same allocation mechanisms and analysis pipeline.

Unless otherwise specified, generation uses the
following inference settings:

* Temperature: 0.7, to balance variation in
reasoning expressed in natural language with
coherent task performance.

* Top-p: 0.9.

* Max Tokens: adjusted by task type, with concise
limits for proposal and voting responses and
longer limits for reflective evaluations when
needed.

* Frequency Penalty: 0.0.

* Presence Penalty: 0.0.

* Seed: left unset for generation through the APIL.
To account for stochasticity, results are averaged
across five independent simulation runs per
primary experimental condition.

Embedding analyses are not generated utterances.
They are computed after the simulations from reflec-
tion texts in the first and final rounds. The primary
embedding model is BAAI/bge-large-en-v1.5.
Robustness checks use text-embedding-3-small
and all-mpnet-base-v2, as described in Ap-
pendix D.

E.4 Computational
Resources and Cost Disclosure

The released analysis package contains the raw
simulation records, logs of the negotiation process,
derived analysis tables, embedding outputs, and
plotting scripts used in the paper. The analysis
tables are generated directly from raw JSON
records, and the figure data are derived from the
same analysis pipeline.
The main computational components are:

* Simulation Runs: Allocation simulations across
four mechanisms, three resource levels, and five
independent runs per primary condition, with
additional runs for model comparison, validation
at multiple population scales, ablation studies,
and sensitivity analyses.

* Negotiation Logs: Negotiation runs under
moderate resources include proposal generation,
discussion, voting in three stages, and weighted
consensus reconstruction. The released process
logs allow summaries of proposal ratings and
dialogue statistics to be recomputed.

* Embedding Analysis: The primary BGE and
all-mpnet-base-v2 embedding analyses can
be run locally with sentence-transformers.
The text-embedding-3-small analysis uses an
embedding API compatible with OpenAl.

* Hardware: The simulation logic and analysis
scripts do not require a dedicated GPU cluster.
Local embedding runs can benefit from GPU
or Apple Silicon acceleration, but can also be
executed on CPU with longer runtime.

F Prompt Template

F.1 Role Initialization Prompt

To ensure that each agent begins with a coherent
and value-consistent identity, we instantiate
every household with a family profile before
the simulation starts. The profile defines the
family’s background, value orientation, household
composition, and initial fairness view. Template
variables such as {family_name}, {value_type},
{members}, and {labor_force} are dynamically
filled from the simulation configuration.

Family Role Initialization Prompt

You are creating a family character for a

community resource-allocation simulation.

Required household information:

* Family name: {family_name}

e Value orientation: {value_type}
({value_description})
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* Number of family members: {members?}

e Number of workers: {1abor_force}

 Survival need: {survival_need} grain

Generate the following fields in JSON

format:

1. background: a concise family back-
ground that is consistent with the
household facts.

2. core_beliefs: three concrete beliefs
reflecting the assigned value orientation.

3. ideal_distribution: two or three sen-
tences describing the family’s preferred
allocation principle.

4. fairness_view: two or three sentences
explaining what this family considers fair.

Guidelines:

* Keep all content consistent with the

assigned value orientation.

* Do not change the supplied household

facts.

» Write from the perspective of a realistic

household in the simulated community.

* Avoid meta-commentary unrelated to the

simulation.

F.2 Negotiation and Voting Prompts

The negotiation mechanism uses a multi-stage
prompt sequence. In each round, agents first submit
allocation proposals, then discuss and critique
proposals, then evaluate candidates through staged
voting. The final allocation is computed from
the remaining high-rated proposals by weighted
averaging. The prompt templates below summarize
the information structure used in this process;
numerical values are dynamically filled from the
current round state.

Initial Proposal Submission Prompt

You are the {family_name} family (ID:

{agent_id}).

[Your Household]

* Value orientation: {value_type}

* Family members: {members}

e Workers: {1labor_force?}

* Survival need: {survival_need} grain

[Community Situation]

¢ Current round: {round}

e Total resources
{total_resources} grain

e Total number of
{num_families}

e Current resource

available:

families:

condition:

{resource_condition}

[All Families]

{family_information}

[Production Rules]

* Each family must first meet its survival
need.

* Surplus resources can be processed by
workers.

* Each worker can process up to
{processing_limit} grain of surplus.

* Processed surplus is converted into output
using base efficiency {base_efficiency?}
and the satisfaction multiplier.

* Unprocessed surplus carries forward
without immediate production.

[Your Task]
Propose a complete allocation plan for
all families. Your proposal should reflect
your household’s value orientation while
also considering survival needs, productive
capacity, and the community’s future
resource stability.

Output requirements:

* State the principle behind your proposal.

* Provide the allocation amount for every
family.

* Briefly explain one tradeoff your proposal
accepts.

* Do not change the supplied household
facts or total resource amount.

Discussion and Critique Prompt

You are the {family_name} family (ID:

{agent_id}, {value_type} orientation).

[Your Proposal]

* Your proposed allocation for your house-
hold: {own_proposed_allocation}
grain

* Your proposal
{own_rationale}

[Other Proposals and Comments]

[Current Community Constraints]

e Total resources: {total_resources}
grain

e Survival thresholds must be met for all
households.

» Future production depends on surplus,
labor capacity, and satisfaction.

[Your Task]

Respond to the current negotiation state

from your household’s perspective.

Response requirements:

rationale:
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1. Explain which proposal or concern you
support most.

2. Identify one fairness or feasibility
concern in another proposal.

3. State whether you are willing to
compromise, and on what principle.

4. Keep the response grounded in the sup-
plied numbers and your value orientation.

Voting on Candidate Proposals Prompt

You are the {family_name} family (ID:

{agent_id}, {value_type} orientation).

[Candidate Proposal]

* Proposal ID: {proposal_id}

* Proposed by: {proposer_name} family

* Proposal rationale:
{proposal_rationale?}

e Proposed allocation for your family:
{own_allocation} grain

 Full allocation plan:
{allocation_details}

[Evaluation Criteria]

* Does the proposal align with your
household’s value orientation?

* Does it meet survival needs across the
community?

* Does it preserve incentives and future
production capacity?

* Is your household’s allocation reasonable
relative to others?

* Does the proposal offer a workable
compromise?

[Rating Task]

Rate the candidate proposal from 1 to 5.

Output requirements:

* Provide one integer rating from 1 to 5.

* Briefly justify the rating from your
household’s perspective.

» Keep the justification tied to the supplied

proposal and community constraints.

F.3 Evaluation and Fairness Reflection Prompt

After each allocation round, agents evaluate the final
allocation and describe their current understanding
of fairness. This prompt records both a numerical

satisfaction score and a natural-language reflection.

The reflection is used for qualitative analysis and
for the embedding-based belief-evolution analysis
in Section 5.3 and Appendix D.

Evaluation and Fairness Reflection Prompt

You are the {family_name} family (ID:

{agent_id}), with original value orientation

{value_type}.

[Household Information]

* Family members: {members?}

e Workers: {1labor_force?}

* Survival need: {survival_need} grain

* Initial fairness orientation: {value_type}

[This Round’s Allocation]

e Allocation mechanism:
{distribution_method?}

e Round: {round}

* Yourallocation: {own_allocation} grain

e Community mean allocation:
{community_mean} grain

* Your rank in the community: {rank}

* Allocation Gini: {allocation_gini}

* Resource pool transition:
{resource_before} —
{resource_after}

[Reflection Task]

Speaking as this family, assess whether this
round’s allocation seems fair in light of your
household facts, initial value orientation,
and the observed allocation outcome.
Please address three points:

1. Explain whether the received allocation
feels fair for your household.

2. Provide a satisfaction score from 1 to 5,
where 1 means very dissatisfied and 5
means very satisfied.

3. Describe your current understanding
of fairness after this round, including
whether it remains close to your initial
orientation or has moved toward a more
mixed rule.

Guidelines:

* Ground the reflection in one or two
concrete observations from the supplied
numbers.

* Do not list every statistic mechanically.

* Do not change the supplied score scale or
household facts.

e Write in the first-person plural as the
household.

G Ethical & Societal Considerations

While our work is a simulation based on synthetic
agent interactions, we recognize that research
involving fairness, large language models (LLMs),
and norm evolution carries significant ethical
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weight. Below, we address key considerations
regarding the interpretation, application, and
governance of our findings.

G.1 Mapping Agent Values to Human Morality

The five value types used in our simulations,
Altruistic, Egalitarian, Merit based, Needs based,
and Pragmatic, are idealized constructs inspired
by political philosophy, including Rawlsian justice,
Nozickian entitlements, and Sen’s capability
approach. They serve as controlled starting points
for exploring dynamics of norm change, not as
comprehensive models of human moral psychology.

Fairness judgments in the real world are typically
pluralistic, sensitive to context, and shaped by
culture, identity, and lived experience. These dimen-
sions are absent from our agents. Moreover, utter-
ances generated by LLMs reflect statistical patterns
in training data rather than genuine moral reasoning
or empathy. For instance, a “Meritbased” agent may
invoke productivity rhetoric without understanding
labor exploitation or systemic inequality.

Consequently, our results should be interpreted
as insights into how language about fairness evolves
under repeated interaction within a constrained se-
mantic space, not as predictions of human behavior.
The mapping from agent values to human morality
is deliberately schematic and limited by design.

G.2 Avoiding Policy Overinterpretation

We explicitly caution against direct policy extrap-
olation from our findings. This study is exploratory
with respect to mechanisms, not prescriptive. The
observation that agents place less emphasis on
equality over time does not imply that institutions in
the real world should reduce egalitarian safeguards.
On the contrary, it highlights how unconstrained
negotiation among heterogeneous actors can erode
protections for vulnerable groups in the absence of
institutional guardrails.

Our simulation lacks critical features of the
real world, such as power asymmetries, historical
injustice, legal rights, or democratic accountability.
Any attempt to apply these results to actual resource
allocation systems, such as healthcare, education,
or welfare, must incorporate external normative
constraints that our model intentionally omits to
isolate interaction effects.

We reject the notion that social simulations using
LLMs can substitute for inclusive, deliberative
human processes. Al should inform, not replace,
democratic discourse on justice.

G.3 Human Oversight Requirements

Should technologies inspired by this work ever

be deployed in settings involving high stakes,

such as dispute resolution mediated by Al or
organizational decision support, robust human
oversight mechanisms are essential:

¢ Interpretability: Users must understand why an
Al system suggests shifting away from a fairness
principle, such as when “equality declined
because agents prioritized efficiency.”

¢ Intervenability: Human stakeholders must retain
the ability to override, reset, or recalibrate the
system’s inferred norms.

* Representational inclusivity: Initial value
configurations must be expanded beyond West-
ern liberal frameworks to include communal,
relational, or decolonial conceptions of fairness.
Crucially, fairness negotiation should never

be fully automated. Final decisions involving

distributional justice must remain under meaningful
human control.

G.4 Ethics Checklist Compliance

Our research adheres to established Al ethics

guidelines:

* No human subjects: All data are synthetically
generated by LLMs, and no real individuals
participated.

» Bias awareness: We acknowledge potential bi-
ases centered on Western values in LLM training
data and limit interpretive scope accordingly (see
G.1).

» Mitigation of dual use: Findings are intended
for scientific understanding of norm dynamics,
not for surveillance, manipulation, or automated
governance.

* Environmental transparency: Computational
costs are disclosed in Appendix E, and no model
training was performed.

* Reproducibility commitment: Full code
and prompts are publicly available in the
accompanying repository.

This work underwent internal ethical review and
aligns with principles of responsible Al research.

H Ahlert-Schwettmann
Structural Sensitivity Benchmark

H.1 Benchmark Motivation and Scope

To provide a structurally grounded comparison
with human allocation data, we reconstruct the
16 health-care allocation situations from Ahlert
and Schwettmann (2017). Their questionnaire
experiment asks human participants to allocate
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limited treatment time between two hypothetical
patients. Each situation specifies the patients’ initial
health states 57,59, their treatment-effectiveness
ratio ej : eo, the total available treatment time ¢, and
a finite set of candidate allocations (¢1,t2).

This benchmark is intended as a structural sensi-
tivity test rather than as direct behavioral validation.
It differs from our main simulation by removing
repeated interaction, resource-pool feedback,
value-oriented personas, satisfaction-production
coupling, and negotiation. The purpose is narrower:
to test whether GPT-40 responds systematically
to externally grounded allocation structures
involving initial states, resource constraints, and
productivity/effectiveness differences. We use this
benchmark to support the structural grounding of
our simulation environment, not to claim that LLM
agents reproduce human distributive behavior.

H.2 Task Reconstruction

We reconstruct the 16 allocation situations reported
by Ahlert and Schwettmann (2017). For each
situation, GPT-40 is presented with the same
structural information and candidate allocation
options: two recipients’ initial states (51, S2),
a treatment-effectiveness ratio e; : eg, a total
resource quantity ¢, and the candidate allocations
(t1,t2). The model is not given multi-round history,
social discussion, survival-production feedback, or
value-oriented personas.

To match the available human frequency data,
we run N = 162 independent GPT-40 sessions.
In each session, the model selects one allocation
option from the candidate set. We then compare
the resulting LLM choice-frequency distribution
with the human choice-frequency distribution
reported by Ahlert and Schwettmann (2017).
This reconstruction should be interpreted as a
constrained choice-frequency benchmark, not as
a full replication of the original human study or as
validation of LLM-generated subjective experience.

H.3 Choice Principle Taxonomy

Each candidate allocation is associated with one
or more distributive principles from Ahlert and
Schwettmann’s taxonomy: Utilitarianism (U),
Equality of Gains (EG), Equality of Health States
(EH), Equality of Resources (ER), Proportionality
of Gains (PG), and Proportionality of Resources
(PR). Some allocations satisfy multiple principles
simultaneously; in such cases, we retain the
compound label used in the reconstructed choice
table. Our comparison is conducted at the level of
choice frequencies over candidate allocations, not

Metric Value
Mean Spearman p 0.665
Median Spearman p 0.644

Minimum / Maximum Spearman p  0.429/0.950
Situations with p > 0.6 10/16
Situations with p > 0.7 5/16

Modal-choice match 9/16
Mean human modal share 46.0%
Mean GPT-40 modal share 78.2%
Samples per situation 162
Table 15: Summary of the Ahlert—Schwettmann

structural sensitivity benchmark.

at the level of free-form justifications.

H.4 Summary Results

Table 15 summarizes the benchmark results. Across
the 16 situations, Spearman rank correlations
between the human and GPT-40 choice-frequency
distributions are positive in all cases, with a mean
of 0.665 and a median of 0.644. Ten of the sixteen
situations have p > 0.6, and the human and LLM
modal choices match in nine situations. These
results indicate moderate rank-level correspon-
dence: GPT-40 is not choosing randomly with
respect to the health-state, resource-constraint, and
treatment-effectiveness structure.

At the same time, the distribution-level match
is substantially weaker than the rank-level corre-
spondence. Human responses are dispersed across
multiple principles, whereas GPT-40 often concen-
trates on a single allocation option. The mean modal
share is 46.0% for human participants but 78.2%
for GPT-40. For example, in Situation 1, human
participants most frequently choose Equality of
Gains, whereas GPT-40 overwhelmingly selects the
ER/PG option. In Situations 3, 4, and 12, GPT-40
assigns nearly all choices to a single option. This
pattern suggests stronger normative regularization
in the LLM than in the human population.

H.5 Modal-Choice Comparison

Table 3 reports the modal choice in each situation for
human participants and GPT-40. This table provides
acompact view of where the two distributions agree
on the most frequent option and where they diverge.

H.6 Interpretation and Limitations

The benchmark provides partial structural align-
ment rather than behavioral equivalence. The
positive rank correlations suggest that GPT-4o is
sensitive to allocation structures that also shape
human choices in Ahlert and Schwettmann’s
health-care allocation experiment. However, the
much higher modal concentration of GPT-40
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indicates that the model regularizes toward a
smaller set of normatively salient options, whereas
human participants display broader heterogeneity
across distributive principles.

This benchmark does not directly validate
the main simulation’s negotiation advantage,
satisfaction scores, or fairness-language trajectories.
Ahlert and Schwettmann’s task is a single-round
constrained allocation problem, whereas our
main simulation additionally includes subjective
satisfaction, repeated interaction, resource-pool
feedback, value-oriented agents, and multi-agent
negotiation. We therefore use this benchmark to
support the structural grounding of our simulation
environment: GPT-4o can respond systematically to
externally grounded allocation variables involving
initial states, resource constraints, and productiv-
ity/effectiveness differences. The observed distri-
butional divergence reinforces our interpretation of
the main results as computational hypotheses about
LLM-agent fairness-language dynamics rather than
direct evidence of human distributive behavior.
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