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Abstract

My research investigates how to evaluate and enhance large
language models’ (LLMs) alignment with human values in
collective decision-making scenarios. I focus on three inter-
related aspects of this challenge: (i) normative alignment, (ii)
procedural competence, and (iii) personalization.

Introduction
The rapid integration of large language models (LLMs) into
decision-making workflows raises pressing questions about
their ethical reliability. From medical triage to resource al-
location and hiring, these systems increasingly make, or
strongly influence, choices with real-world consequences.
While LLMs excel at pattern recognition and natural lan-
guage reasoning, their ability to reflect human moral judg-
ments and follow principled procedures remains uncertain.

Ethical decision-making requires more than surface-level
accuracy. It requires (i) normative alignment, i.e. capturing
fairness norms and moral intuitions endorsed by society, and
(ii) procedural competence, i.e. the ability to apply transpar-
ent, principled rules for aggregating preferences. Misalign-
ment in either dimension undermines trust, accountability,
and fairness. A further requirement is (iii) personalization,
since moral reasoning varies across individuals and contexts.
AI systems must not only reflect majority judgments but also
capture individual-level diversity to ensure both personal-
ized and collective ethical reliability.

Normative Alignment
This aspect of my work focuses on both evaluating and en-
hancing human-AI alignment in terms of the principles and
rules that govern decision-making, with an emphasis on re-
source allocation.

Distributive Fairness
Resource allocation provides a natural testbed for norma-
tive alignment, where philosophy, economics, and computer
science converge. Outcomes are judged by fairness axioms
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such as envy-freeness (Foley 1966) and equitability (Du-
bins and Spanier 1961), that are often conflicting and com-
putationally intractable. Additionally, human perceived fair-
ness depends on various contextual factors (Konow 2003).
A central question is whether LLMs reflect the preferences
of humans when faced with the same fairness trade-offs.

LLMs as Social Planners. In (Hosseini and Khanna
2025), we evaluate LLMs in the role of centralized decision-
makers allocating goods among individuals with known val-
uations. We find that LLMs rarely generate equitable (per-
fectly equal) allocations, in contrast to humans who fre-
quently prioritize them (Herreiner and Puppe 2007). Inter-
estingly, when selecting among pre-computed allocations,
LLMs disproportionately favor equitable outcomes, reveal-
ing a value–action gap. Closer analysis suggests difficulty in
computing equitability: models struggle when explicitly in-
structed to produce such allocations, though they succeed
more often with envy-freeness or welfare maximization.
Sensitivity to semantic and non-semantic prompt variations
further highlights limitations in their distributive reasoning.

LLMs as Recipients. In (Hosseini et al. 2025), we ex-
amine fairness from the recipient’s perspective. In a human
study, participants judged whether their assigned bundle was
“fair,” under conditions varying in information availability,
fairness notion satisfied, and framing. Replicating these ex-
periments with LLMs, we find that models set a higher
threshold for fairness, requiring a larger share to classify al-
locations as fair. They also show a stronger preference for
envy-freeness compared to humans. Fine-tuning improves
alignment with majority human responses but fails to en-
hance an understanding of nuanced fairness preferences.

Future work: Reinforcement learning for fairness. Re-
inforcement learning from human feedback (RLHF) has
proven effective for steering models (Ouyang et al. 2022). I
propose the use of reward models that explicitly encode fair-
ness criteria, with resource-efficient methods such as GRPO
(Shao et al. 2024), to (i) enforce specific notions (e.g., eq-
uitability), (ii) balance multiple fairness objectives, and (iii)
improve alignment on expanded fairness benchmarks.

Moral Value Alignment
I am also studying alignment in morally charged, high-
stakes contexts, such as organ donation.
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Kidney Allocation. In (Dickerson et al. 2025), we exam-
ined decisions about allocating a single kidney between two
patients varying in age, health, drinking habits, and number
of dependents. LLMs align with humans on age and drink-
ing habits but display inconsistency on dependents and di-
verge in prioritizing attributes. Unlike humans, they express
indecision far less often, choosing decisively even in morally
ambiguous cases. Fine-tuning improves aggregate alignment
but fails to capture various nuances of human preferences.

Future work: Responsibility. Ongoing work evaluates
whether LLMs align with human reasoning while attributing
responsibility to harmful behaviors (smoking, drinking), dis-
ease occurrence, or deprivation of medical resources, draw-
ing on findings from Chan et al. (2024).

Procedural Competence
Even if values are aligned, outcomes depend on faithfully
applying aggregation procedures. We ask whether LLMs can
reason with ranked preferences and execute established
algorithms to reach desirable solutions.

Matching Markets. In (Hosseini, Khanna, and Singh
2025), we focus on the domain of two-sided matching mar-
kets. We find that performance, in terms of generating, im-
proving, and evaluating solutions, degrades rapidly with in-
put size, largely due to hallucinations when reasoning about
preferences. Fine-tuning on synthetic reasoning traces im-
proves accuracy for smaller instances but failed to generalize
to larger cases. This highlights a gap between local pattern
learning and scalable procedural reasoning.

Future work: Preference reasoning benchmark. I am
extending this evaluation to domains such as voting (single-
and multi-winner), participatory budgeting, resource allo-
cation (with or without endowments), and coalition forma-
tion (hedonic games). Additional tasks include counterfac-
tual and strategic reasoning, as well as generating explana-
tory examples. These benchmarks will include more realistic
preferences such as those with ties and incompleteness, en-
abling a more exhaustive evaluation of algorithmic fidelity.

Personalization
Moral judgments vary across individuals and contexts. Be-
yond majority alignment, AI systems must capture individ-
ual moral diversity to provide both personalized ethical ad-
vice and richer collective decisions.

Future work: Preference elicitation from noisy re-
sponses. Human preferences are often inconsistent or
costly to elicit. Building on recent works using LLMs for
preference elicitation (Soumalias et al. 2025), I plan to inves-
tigate whether LLMs can (i) detect inconsistencies in natural
language preference reports and (ii) ask clarifying questions
to recover stable underlying values.

Future work: Personalized ethical advice. Recent work
shows that people often rate LLM-generated moral advice as
superior to professional ethicists (Howe et al. 2023). How-
ever, such advice is generic and not tailored to individual

moral values. I propose leveraging LLMs’ linguistic capa-
bilities to elicit individuals’ moral values and provide per-
sonalized advice aligned with their own ethical compass.

Conclusion
By integrating insights from computer science, economics,
and philosophy, this research aims to inform the design of AI
systems that are not only capable and efficient, but also ethi-
cally reliable, procedurally sound, and responsive to human
moral diversity.
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