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Abstract

This thesis investigates the bidirectional relationship between artificial intelligence (Al), particularly large
language models (LLMs), and social choice theory. Firstly, it explores how principles from social choice can
address challenges in Al alignment, specifically the problem of aggregating diverse human preferences fairly
when guiding Al behavior (SC — Al). Standard alignment methods often obscure value conflicts through
implicit aggregation. Secondly, it examines how Al techniques can enhance collective decision-making
processes traditionally studied in social choice (AI — SC), offering new ways to elicit and synthesize the
complex, nuanced, and verbal preferences that conventional mechanisms struggle to handle.

To address these issues, this work presents computational methods operating at the interface of Al and social
choice. First, it introduces Interactive-Reflective Dialogue Alignment (IRDA), a system using LLMs to guide
users through reflective dialogues for preference elicitation. This process helps users construct and articulate
their values concerning Al behavior, resulting in individualized reward models that capture preference
diversity with improved accuracy and sample efficiency compared to non-reflective baselines, especially
when values are heterogeneous.

Second, the thesis proposes a framework for generating fair consensus statements from multiple viewpoints
by modeling text generation as a token-level Markov Decision Process (MDP). Within this MDP, agent
preferences are represented by policies derived from their opinions. We develop mechanisms grounded in
social choice: a stochastic policy maximizing proportional fairness (Nash Welfare) to achieve ex-ante fairness
guarantees (1-core membership) for distributions over statements, and deterministic search algorithms (finite
lookahead, beam search) maximizing egalitarian welfare for generating single statements. Experiments
demonstrate that these search methods produce consensus statements with better worst-case agent alignment
(lower Egalitarian Perplexity) than baseline approaches.

Together, these contributions offer principled methods for eliciting diverse, reflective preferences and
synthesizing them into collective outputs fairly. The research provides tools and insights for developing Al
systems and Al-assisted processes that are more sensitive to value pluralism.
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INTRODUCTION

T HE aggregation of individual preferences into collective decisions is
a central problem studied within social choice (SC) theory [Bra+16].
This theoretical foundation becomes increasingly relevant with the de-
velopment of Artificial Intelligence (AI) and the associated non-trivial
problem of aligning Al behaviour with human preferences. Specifically,
the task of aligning a single Al system with the preferences of multiple
human principals raises core social choice questions [Ge+24; Con+24].
It requires navigating value pluralism and determining how to synthe-
size the diverse inputs of many principals into a coherent objective to
guide an Al’s behaviour. While Al development poses new challenges
for social choice theory, Al techniques also offer novel capabilities for
handling preferences expressed in open-ended, verbal formats, which
have traditionally been difficult to elicit and aggregate systematically
[Fis+24]. This thesis investigates the relationship between social choice
and Al, focusing on two primary directions: the application of social
choice principles to Al alignment and the use of Al techniques to improve
collective decision-making mechanisms (Figure 1.1).

Focusing on the first direction (SC — Al), insights from social choice
theory are directly applicable to the problem of pluralistic Al alignment.
Ensuring that Al systems act in accordance with the diverse values of
multiple principals necessitates methods for fair preference aggregation,
a core concern of social choice. One approach, which is developed in this
work, involves creating personalized or representative preference/reward
models that capture the nuances of individual viewpoints. Such explicit
models form a foundation for applying transparent, principled aggrega-
tion rules to determine the Al’s collective objective. This contrasts with
methods where aggregation is implicit or opaque, and moves towards a
"virtual democracy’ [Noo+18] model for alignment, where the Al’s goals
are derived systematically from well-modeled constituent preferences.

Turning to the second direction (AI — SC), Al methods, particularly
large language models (LLMs), offer novel capabilities that can improve
collective decision-making processes and our ability to “measure collec-
tive will.” This potential contrasts sharply with the limitations inherent
in traditional tools like opinion polls or ballots. Opinion polls and ballots
often rely on structured formats that struggle to capture nuanced, open-
ended opinions. Their design can also introduce framing effects [BM07]
and obscure the collective will by constraining choice to predefined
options. This power to define the available choices—the power to set the
agenda—is crucial yet often overlooked, as elaborated in the following
passage from Landemore:

“Agenda-setting power—or 'non-decision-making power,” as it is also
called—is the less visible "second face’ of power so compellingly painted by
Peter Bachrach and Morton Baratz (1962; see also Lukes 1974). Agenda-
setting power is as essential to power, if not more so, as casting the final
vote—the first, most visible face of power, which most people focus on.
Given that issues or options to be voted on cannot formulate
themselves, someone needs to be in charge of doing just that and,

1.1 Thesis Statement ... ... 2
1.2 Contributions ........ 2
1.3 Thesis Overview ... ... 3

[Ge+24]: Ge et al. (2024), ‘Axioms for AL
Alignment from Human Feedback’

[Con+24]: Conitzer et al. (2024), ‘Position:
social choice should guide Al alignment
in dealing with diverse human feedback’

[Fis+24]: Fish et al. (2024), ‘Generative
Social Choice’

[Social Choice Theory]

Handling Open-
Ended Verbal
Preferences

Pluralistic
Alignment
[Sor+24]

[Artiﬁcial Intelligence ]

Figure 1.1: Bidirectional relationship be-
tween Social Choice Theory and Al tech-
niques studied in this thesis.

[Noo+18]: Noothigattu et al. (2018), ‘A
voting-based system for ethical decision
making’

[BMO7]: Biitler et al. (2007), Framing effects
in political decision making: Evidence from
a natural voting experiment



in the process, is bound to exercise an enormous amount of power.
[Emphasis added]” [Lan20, p. 60]

Furthermore, opinions gathered via traditional polling or through static
ballots may lack depth, representing “top-of-the-head” responses rather
than considered judgments [FLO5]. Research on deliberative methods,
such as Deliberative Polling, demonstrates that when provided with
balanced information and structured opportunities for discussion and
reflection, individuals can develop more informed and stable preferences,
distinct from those captured by less interactive elicitation methods [FLO5].
LLMs present an avenue for facilitating similar processes; their capacity
for natural language interaction allows them to aid in more interactive
preference elicitation, support the reflective processes needed for individ-
uals to articulate underlying values, and present alternative perspectives
or relevant factual information. However, eliciting such nuanced prefer-
ences is only valuable when accompanied by corresponding methods
to process the resulting free-form text. LLMs contribute here as well,
offering capabilities that, when aided by tools from social choice theory,
can synthesize such input into a collective output!. Nevertheless, it is
important to recognize that LLMs inherit biases from their training data
and may possess emergent political leanings [Fen+23]. Furthermore, their
operational complexity can hinder interpretability and accountability,
posing risks if their outputs are treated as definitive representations
of collective will rather than as potentially useful, but fallible, tools for
collective sense-making [RP25].

1.1 Thesis Statement

Building upon this potential and addressing the identified limitations of
traditional methods, this thesis argues for the following:

Thesis Statement

Using LLMs to connect preference elicitation, diversity-preserving
modeling, and nuanced consensus generation offers possibilities for
advancing how diverse human preferences are incorporated into
collective decision-making (addressing the AI — SC direction), par-
ticularly by eliciting and handling open-ended verbal input; further-
more, these methods, particularly those for preference elicitation
and diversity-preserving modeling, are also valuable for addressing
challenges in pluralistic Al alignment (providing a foundation for the
SC — Al direction).

1.2 Contributions

Specifically, this research contributes computational methods focusing
on: (1) accessible, LLM-driven conversational techniques designed for
eliciting rich, reflective verbal preferences, moving beyond restrictive
formats (Chapter 2); (2) individualized frameworks, using the few-
shot capabilities of LLMs, applied to model the diversity inherent in
these preferences, thereby supporting explicit aggregation distinct from

[Lan20, p. 60]: Landemore (2020), Open
Democracy: Reinventing Popular Rule for
the Twenty-First Century

[FLOS5]: Fishkin et al. (2005), “Experiment-
ing with a democratic ideal: Deliberative
polling and public opinion’

1: Our method for doing so is presented
in Chapter 3.

[Fen+23]: Feng et al. (2023), “From Pre-
training Data to Language Models to
Downstream Tasks: Tracking the Trails
of Political Biases Leading to Unfair NLP
Models’

[RP25]: Revel et al. (2025), ‘Al-Facilitated
Collective Judgements’



the implicit, potentially homogenizing aggregation characteristic of
standard reinforcement learning from human feedback (Chapter 2);
and (3) techniques for generating consensus statements by guiding
LLM generation with policies representing constituent perspectives,
where these policies are derived either directly from verbal preferences
or from the individualized reward models (Chapter 3). Overall, these
contributions provide computational tools and insights towards Al
systems and Al-assisted processes designed to be sensitive to value
pluralism while allowing individuals greater flexibility in expressing
their unconstrained perspectives.

1.3 Thesis Overview

The remainder of this thesis proceeds as follows: Chapter 2 details the
first core project on Reflective Reward Design for Pluralistic Alignment,
presenting the IRDA system for eliciting individualized preferences via
reflective dialogue and its empirical evaluation. Chapter 3 describes the
second core project on fair consensus statement generation, outlining
the MDP-based framework, proportional fairness criteria, and associated
algorithms for generating consensus text from multiple policies as well
as theoretical results and an empirical evaluation of various consensus
generation methods. Chapter 4 offers a synthesis and discussion, an-
alyzing the connections between the two projects and their combined
implications for addressing value pluralism in Al The chapter concludes
by summarizing the contributions, acknowledging limitations, and sug-
gesting directions for future research. A bibliography and appendices
follow.



REFLECTIVE REWARD DESIGN FOR
PLURALISTIC ALIGNMENT

GeNTs, whether robots or language models, are commonly aligned

with “human values” through reinforcement learning from human
feedback (RLHF), where a single reward model is learned from aggre-
gated human feedback and used to align an agent’s behavior. However,
human values are not homogeneous—different people hold distinct and
sometimes conflicting values. Aggregating feedback into a single reward
model risks disproportionately suppressing minority preferences and
unique perspectives. To address this, we present a novel reward modeling
approach for learning individualized reward models. Our approach uses
a language model to guide users through reflective dialogues where they
critique agent behavior and construct their preferences. This personalized
dialogue history, containing the user’s reflections and critiqued examples,
is then used as context for another language model that serves as an indi-
vidualized reward function for evaluating new trajectories. In two studies
with a total of 30 participants, our method achieved a 9-12% improvement
in accuracy over non-reflective language-based reward models while
being vastly more sample efficient than traditional supervised learning
methods.

2.1 Motivation

As Al systems gain more widespread adoption and use, the need to align
them with “human values” has gained urgency. Yet, human values are
deeply varied!. However, the predominant method for aligning agent,
RLHE, typically relies on training a single reward model to capture
preferences aggregated from multiple users [Chr+17; Ouy+22]. These
monolithic reward models implicitly make trade-offs among competing
values and can disproportionately suppress minority viewpoints [SLH23;
Cha+24].

In response to this shortcoming, recent work has explored approaches
that better preserve the diversity of human values [SLH23; Cha+24;
Pod+24]. While the specifics differ, these approaches broadly increase the
granularity of the reward signal to account for differences in opinion. For
example, some methods learn multiple distinct reward models to capture
different preference clusters [Cha+24]. Others learn reward models that
output distributions rather than scalar values to represent uncertainty
and variation in preferences [SLH23], and others learn individualized
reward models for each person [Pod+24].

These higher-granularity approaches offer benefits for collective and
individual alignment. In collective settings where we must aggregate
preferences across many stakeholders, having granular representations
of preferences enables making transparent choices about balancing com-
peting values by explicitly aggregating rewards. Rather than implicitly
averaging preferences, we can optimize for desired properties like egal-
itarian welfare. Meanwhile, for personal Al assistants, techniques that
learn high granularity preference representations can give rewards that

2.1 Motivation ......... 4
2.2 Related Work ....... 6
23 Method ........... 7
2.4 Study Design ....... 10
2.4.1 Environments . ...... 10
2.4.2 Participants . ....... 11
2.4.3 Procedure . ......... 11
2.4.4 Baseline Comparisons . . 12
2.4.5 Analysis. . ......... 13

2.5 Results: Study 1 - Multi-
Agent Apple Farming .. 15

2.6 Results: Study 2 - The
Moral Machine ...... 17

2.7 Discussion . ........ 20

1: Shwartz provides the following exam-
ple: ‘... ] students and teachers from the
United States are conspicuous for the high
importance they attribute to values express-
ing a desire to get ahead personally in the
social hierarchy [. .. ] and the low importance
they attribute to values expressing social con-
cern [. .. ]. Spanish and Italian students and
teachers show the opposite pattern.” [Sch92,
footnote 19, p. 60]

[Chr+17]: Christiano et al. (2017), ‘Deep
reinforcement learning from human pref-
erences’

[Ouy+22]: Ouyang et al. (2022), ‘Training
language models to follow instructions
with human feedback’

[SLH23]: Siththaranjan et al. (2023), ‘Un-
derstanding Hidden Context in Prefer-
ence Learning: Consequences for RLHF’
[Cha+24]: Chakraborty et al. (2024),
‘MaxMin-RLHF: alignment with diverse
human preferences’

[Pod+24]: Poddar et al. (2024), ‘Personal-
izing Reinforcement Learning from Hu-
man Feedback with Variational Prefer-
ence Learning’



are more representative of the given user compared to the population
average. However, a key challenge exists: While a single reward model can
leverage data from all users to learn a scalar reward, higher-granularity
approaches must learn more complex patterns (e.g., preference distribu-
tions [SLH23] or personalized reward functions [Pod+24]), which are
more challenging to estimate due to their higher dimensionality and
sparser per-pattern data coverage.

A further complication arises from the process of preference construction in
complex and novel domains, where humans actively construct their pref-
erences rather than simply reveal them. While current reward modeling
approaches typically rely on passive data collection and straightforward
labeling, research indicates this may be insufficient: the process of con-
structing preferences benefits significantly from deliberate reflection,
which helps individuals transform their latent values into concrete pref-
erential choices [Fis91]. This insight is further supported by findings from
psychology and consumer research, which demonstrate that prompting
people to actively contemplate their underlying values and reasoning
processes leads to more stable and well-defined preferences? [HDD14;
VVH+20].

To address these two challenges, we introduce Interactive-Reflective Dia-
logue Alignment (IRDA), a system that uses large language models (LLMs)
to learn personalized reward functions through interactive dialogue.
IRDA combines three core components: (1) reflective language-based
preference elicitation that guides users in articulating their values, (2)
active learning to strategically select examples for human critique, and
(3) LLM-driven reward modeling where the LLM directly serves as
the reward function by leveraging its in-context learning capabilities to
generalize from sparse user feedback. IRDA’s architecture directly con-
fronts the preference construction problem by replacing passive labeling
with LLM-guided dialogues that provoke deliberate, context-sensitive
reflection. At the same time, its data-efficient learning strategy 3 mitigates
the difficulty of learning personalized reward functions.

We evaluated IRDA with two user studies involving 30 participants in total.
The first study (21 participants) focused on building a reward model for
each user’s personal definition of “respectful behavior,” while the second
(9 participants) explored ethical decision-making in autonomous vehicles.
Across both studies, participants differed widely in their value judgments,
and our system was able to capture these individual definitions of value-
aligned behavior more accurately than baseline approaches.

Our contributions are as follows:

» A novel pipeline for aligning Al agents to individual values, in-
formed by Al, HCI, and social science.

» A comprehensive evaluation in two distinct domains, demonstrat-
ing that our system captures individual preferences more accurately
than baselines.

» Empirical characterization of how individuals diverge in their
conceptions of value-aligned Al behavior.

» Insights for future research on interactive systems that help end
users construct, refine, and operationalize their latent values for
both personal and collective alignment.

2: One can draw a strong connection
between framing effects in voting as de-
scribed by Biitler and Maréchal [BM07],
and unstable, surface-level preferences.
Presumably, if voters’ preferences were
deeply considered and stable, framing
effects would not exist.

[HDD14]: Hauser et al. (2014), ‘Self-
reflection and articulated consumer pref-
erences’

[VVH+20]: Ver Donck et al. (2020), ‘Im-
proving patient preference elicitation by
applying concepts from the consumer re-
search field: narrative literature review’

3: In particular, through the use of ac-
tive learning and the few-shot learning
capabilities of LLMs



The rest of this chapter looks at the related work (Section 2.2), describes
the details of the system (Section 2.3), outlines the experimental procedure
(Section 2.4) and the findings of both studies (Section 2.5, Section 2.6),
and concludes with a discussion of the results (Section 2.7).

2.2 Related Work

Pluralistic Alignment. Recent work has highlighted the importance of
moving beyond monolithic reward models and toward approaches that
capture heterogeneous or uncertain human preferences in Al alignment.
For instance, distributional preference learning (DPL) estimates an entire
distribution over possible reward values, thereby accommodating hid-
den context and diverse annotator criteria [SLH23]. Similarly, methods
like MaxMin-RLHF learn a mixture of reward models and optimize
an egalitarian objective to avoid disproportionately favoring majority
viewpoints [Cha+24]. Others have proposed user-specific latent variables
that personalize reward models without requiring extensive per-user
labels [Pod+24] or have leveraged meta-learning to reduce feedback
requirements [HS22]. However, these approaches assume users have
direct access to their preferences in novel contexts despite evidence from
suggesting otherwise [HDD14]. Our work complements these advances
by actively eliciting fine-grained, user-specific preferences and helping
users turn their latent values into concrete preferences through guided
reflection.

Language-Based Reward Design. A separate line of research explores
using large language models (LLMs) to specify or generate reward
functions. Some methods prompt LLMs to propose reward code, which is
then used to train RL policies via standard optimization [Ma+24; Xie+24;
Ver+24; Beh+24]. Other methods directly treat an LLM as a proxy reward
function by prompting it with desired behavior descriptions [Kwo+23].
These LLM-based approaches have made reward specification more
accessible, particularly in domains where handcrafting objectives is
difficult. For example, as Kwon et al. [Kwo+23] note, specifying a reward
function by hand to capture a desired verbal negotiation style, such as
being a “versatile negotiator”, is challenging, but LLMs can interpret
examples or descriptions of such styles. While these methods make
specifying a reward function more accessible, they treat it as a one-way
street, where users tell the LLM what they want. Our system makes it a
two-way dialogue, using LLMs both to help users clarify their preferences
and to translate those preferences into reward functions.

Reflection as a Path to Expressing Latent Preferences. Preferences
are rarely pre-defined artifacts waiting to be extracted; instead, in new
contexts, they form through reflective processes that turn latent values
into concrete preferences [Fis91]. In consumer and behavioral research,
explicitly prompting users to reflect on trade-offs or alternative perspec-
tives fosters more stable and revealing preference statements [HDD14;
VVH+20]. We build on this insight by weaving reflection into an LLM-
based alignment pipeline, enabling users to clarify and externalize their
values for Al systems.

[SLH23]: Siththaranjan et al. (2023), ‘Un-
derstanding Hidden Context in Prefer-
ence Learning: Consequences for RLHF

[Cha+24]: Chakraborty et al. (2024),
‘MaxMin-RLHF: alignment with diverse
human preferences’

[Pod+24]: Poddar et al. (2024), ‘Personal-
izing Reinforcement Learning from Hu-
man Feedback with Variational Prefer-
ence Learning’

[HS22]: Hejna et al. (2022), ‘Few-Shot
Preference Learning for Human-in-the-
Loop RL’

[HDD14]: Hauser et al. (2014), ‘Self-
reflection and articulated consumer pref-
erences’

[Ma+24]: Ma et al. (2024), ‘Eureka:
Human-Level Reward Design via Cod-
ing Large Language Models’

[Xie+24]: Xie et al. (2024), ‘Text2Reward:
Reward Shaping with Language Models
for Reinforcement Learning’

[Ver+24]: Verma et al. (2024), ‘Balancing
Act: Prioritization Strategies for LLM-
Designed Restless Bandit Rewards’
[Beh+24]: Behari etal. (2024), ‘A Decision-
Language Model (DLM) for Dynamic
Restless Multi-Armed Bandit Tasks in
Public Health’

[Kwo+23]: Kwon et al. (2023), ‘Reward
Design with Language Models’
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Figure 2.1: Overview of the RLHF pipeline with Interactive-Reflective Dialogue Alignment. A more detailed description is provided in

Algorithm 1.

Designing Reflection into Dialogue Systems. Within HCI, frameworks
like Fleck and Fitzpatrick’s [FF10] outline how technologies can scaffold
reflective thinking by identifying specific activities (such as revisiting ex-
periences or seeking explanations) that technology can support. Studies
also show that structured verbal prompts support deeper introspection
over time [Koc+18; Wol+22]. Recent advances in LLM-driven agents
further enable flexible interactive reflective dialogues [AY24]. Our con-
tribution is to extend these dialogues to preference elicitation for Al
alignment, using LLMs to help users iteratively refine how an Al agent
should act.

2.3 Method

We present the Interactive-Reflective Dialogue Alignment (IRDA) system,
which enables non-expert users to iteratively define a value concept
and construct a corresponding reward model for agent training. Our
approach is founded on the insight that preferences are noisy representa-
tions of values constructed and refined through reflection and iterative
feedback [LS06]. To this end, IRDA employs a dual-loop framework that
first elicits user feedback through a preference construction loop over a
diversity-based pool of trajectories and then refines the model via an
uncertainty reduction loop over a separate pool.®

Tobegin, let 9p denote the diversity-based pool of trajectories, where each
trajectory T = (s, 4o, - . ., ST) represents the sequence of states and actions
executed by the agent. We encode the trajectory in a vector of numerical
features ¢(7) € RY and partition Ip into k clusters {6, ..., Bk} using
k-means clustering:

k
{Gi}f, =argmin > > |l¢(7) — ill3,
{6} i=1 1€6;

with cluster centroids

1
Ui = @ Z (7).

T€G;
For each cluster, we select a representative trajectory:

" = argmin|| (1) — will2-
TEC@i

[FF10]: Fleck et al. (2010), ‘Reflecting on
reflection: framing a design landscape’

[Koc+18]: Kocielnik et al. (2018), ‘Reflec-
tion Companion’

[Wol+22]: Wolfbauer et al. (2022), ‘A
Script for Conversational Reflection
Guidance’

[AY24]: Arakawa et al. (2024), ‘Coach-
ing copilot: blended form of an LLM-
powered chatbot and a human coach
to effectively support self-reflection for
leadership growth’

[LS06]: Lichtenstein et al. (2006), ‘“The
construction of preference: An overview’

4: The preference construction loop can
be seen as reducing the user’s (human'’s)
uncertainty about how their values ap-
ply in the given context, while the un-
certainty reduction loop can be thought
of as reducing the reward model’s un-
certainty regarding the user’s clarified
preferences.



The goal of this clustering is to improve learning efficiency. By selecting
representative trajectories that cover a broad range of possible agent
behaviors, the system aims to elicit a comprehensive understanding of
the user’s preferences from a minimal set of examples.

In the initial preference construction loop, the user first specifies a value
concept, such as “respectfulness.” The user is then presented, one at a
time, with visualizations® of the k centroid trajectories, Tl.””t . For each
visualization, the user provides qualitative feedback e; (e.g., “This is
not respectful because...”). Concurrently, each centroid trajectory 7¢"*
is encoded into an ASCII representation a(’cf‘mt ). An example of this
encoding is shown in Figure 2.2, and the specific ASCII encodings used
in the experiments are detailed in Section A.1 of the appendix. The system
aggregates the feedback by pairing the ASCII representation of each
centroid trajectory with the corresponding user feedback, resulting in
the dataset:

k
Dy = (a(t{"), e1),_,.

Once the feedback @y, is collected, an LLM is queried using a specific
prompt (see Section A.1) and the entire feedback dataset @ ;. The LLM
processes this input to generate two outputs: first, a hypothesis % about
the features the user is using to make their decisions, and second, a
set of alternative features o the user could consider in their decision
making. The primary purpose of presenting ¢ is to encourage user reflec-
tion by offering different perspectives on the decision-making process,
drawing inspiration from principles of deliberative democracy [Mur21].°
A secondary benefit is that o may identify relevant features that were
not represented in the specific trajectories initially presented to the user,
Ip.

The user is then asked to respond to the generated hypotheses and
alternatives, explaining why these features are or are not significant to
their decision-making. This is intended to help the user reflect on their
values, which can update their mental model .. If 4, does change, the
user returns to the beginning of the preference construction loop.

Once the user confirms that Jl, is stable, the system transitions to the
uncertainty reduction loop. In this stage, we consider a separate uncertainty-
based pool of trajectories, J7;. We iteratively refine our reward model
on this pool. The reward model is based on an LLM that is prompted
to assess whether a trajectory is aligned or not (the prompt is given in
Section A.1). The LLM is given the entire conversation history 6 (which
includes all user feedback, system prompts, and responses), the encoded
trajectory (), and environment details such as symbol meanings and
action spaces (EnvDesc), then outputs token probabilities for labels such
as “respectful” and “disrespectful.” Specifically, the alignment probability
po(1]7) and misalignment probability po(1|7) are computed as

po(11), pe(0l7) = fiim(EnvDesc, 6, a(7)),

where pg(1|7) is the token probability for the “aligned” token (e.g.,
“respectful”) and pg(0|7) is the token probability for the “misaligned”
token (e.g., “disrespectful”).

————— Step: 0 -----
The main agent (M) is in the
quadrant (orchard) that it owns.

Moo R G
A | G o
| AA B
R
B A| B
A . A A
————— Step: 1 -----
Main agent moved from [0, O] to
[1, o].
M o G
A .| G a
| AA B
R
B A|B
A . A A

Figure 2.2: ASCII encoding of two
timesteps of a trajectory of the multi-
agent apple farming environment.

5: Either an image or video, depending
on the setting.

[Mur21]: Muradova (2021), ‘Seeing the
other side? Perspective-taking and reflec-
tive political judgements in interpersonal
deliberation”

6: Presenting alternative features aims
to stimulate reflection by encourag-
ing the user to engage in perspective-
taking—actively considering others’
viewpoints and experiences. For an anal-
ysis of perspective-taking as a mech-
anism fostering reflective judgments
in deliberative settings, see Muradova
[Mur21].



Algorithm 1 Interactive-Reflective Dialogue Alignment

1: Input: Ip, Iy, value v, threshold €, EnvDesc

2: Preprocessing: For each T € Jp, extract ¢(1); cluster via k-means;
select representatives {7*"'}.

3: repeat Preference Construction Loop

For each Tfe”t, obtain/update label e;; form

Dy = {(a(t{"), €:)}.

5: Query the LLM with 9¢; to yield feature hypotheses # and
alternatives of.

6: User responds to (%, o) and refines J(,,.

7. until User confirms J(, is stable

8

9

: repeat Uncertainty Reduction Loop
foreach 7 € J; do
10: po(1lt), pe(0|7) = frim(EnvDesc, €, a(1))
UG =1-|pe(1l) - pe(0]0)
12: end for
13: T = argmax g, U(r).
14: Query the user for e” on 7°; update

Dy — Dpp U {(a(T7), €")}.

15: until U(7*) < €
16: Final Reward Model: For any new 7, define

R(7) = I][pg(1|T) > p9(0|T)],

17: Return: R(-).

The associated uncertainty is defined by

U(t) =1 - |pe(1]7) - po(0l7)

7

and the trajectory with maximum uncertainty is selected,

T = argmax U(1),
€Ty

and the user is queried for an explanation e regarding 7. This new
feedback (a(7*), e*) is appended to P fp, and the uncertainty reduction
loop is repeated until U(7") < € for a set threshold €.

The final reward model is an LLM that, using the complete conversation
history 6 and all accumulated feedback & fbs classifies new trajectories as
aligned or misaligned with the user’s value. It outputs a binary decision
based on token probabilities:

R(7) = [po(1]7) > po(0|7)].

This unified process—beginning with diversity-based sampling, followed
by preference construction, and culminating in uncertainty-driven re-
finement yields a final LLM-based reward model. This final LLM-based
reward model leverages the entire conversation history and all explained
examples. The full process is formalized in Algorithm 1.



2.4 Study Design

We evaluated our system in two studies: Study 1 investigates the utility
of our system for learning about participants’ definition of respectful
agent behavior. Study 2 investigates the utility of our system for learning
about participants” decision-making in moral dilemmas involving an
agent (autonomous vehicle). Our studies employ a within-subject design,
collecting data from each participant to train and test each method. Our
studies aim to answer the following three questions:

RQ1: How do individuals’ interpretations of value-aligned
Al behavior differ?

RQ2: Does structured reflection enhance language-based re-
ward modeling?

RQ3: When is individualized language-based reward model-
ing effective?

2.4.1 Environments

Multi-Agent Apple Farming Environment (Study 1). A 6 X 6 grid
contains apples and garbage, with one “main” (blue) agent and three
“background” (grey) agents. Each agent “owns” one of four 3 X3 orchards.
Two background agents remain stationary, and one moves freely. The
main agent is rewarded by picking apples (none for collecting garbage).
Participants assess whether the blue agent behaves “respectfully.”

Moral Machine Environment (Study 2). Adapted from the Moral Ma-
chine experiment by Awad et al. [Awa+18], this environment presents
users with a series of ethical dilemmas faced by an autonomous vehicle
(AV). Each scenario involves a choice between two unavoidable outcomes:
one resulting from the AV staying on its current course and the other
from the AV swerving. Importantly, any decision results in the fatalities
of one or more characters. The outcomes presented in each dilemma vary
based on combinations of nine manipulated attributes:

» Structural Attributes: Intervention type (staying course vs. swerv-
ing), the relationship of potential casualties to the AV (passengers
vs. pedestrians), and legality (whether pedestrians are crossing
lawfully or unlawfully).

» Character Attributes: Gender (male vs. female), age (younger vs.
older), social status (higher vs. lower), fitness (fit vs. large physique),
the number of characters involved, and species (humans vs. pets,
specifically dogs and cats).

These attributes were embodied by 20 distinct character types, including
specific roles (e.g., doctor, executive, criminal, homeless person), age
groups (e.g., elderly man, girl, baby stroller), gender, fitness levels (e.g.,
large man, female athlete), and animals (dog, cat). Participants were
tasked with deciding which of the two outcomes the AV should choose in
each dilemma. A full description of the scenario generation and attributes
is available at https://osf.io/wtémc.
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[Awa+18]: Awad et al. (2018), “The moral
machine experiment’
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2.4.2 Participants

In Study 1, we recruited 21 participants from the University of Waterloo
(18 to 39 age range, M=23.86, 7 self-identified as male and 14 as female).
When asked to rate their level of familiarity with reinforcement learning
on a 5-point Likert ranging from “very unfamiliar” (1) to “very familiar”
(5), the mean level of familiarity was 2.48, with the mode and median
being 2. The Likert-scale data is visualized in figure 2.3 and highlights
that more than half of participants were “unfamiliar” or “very unfamiliar”
with reinforcement learning.

W Very Unfamiliar Unfamiliar Neutral Familiar W Very Familiar

42.9% 38.1% 9.5%

In Study 2, we recruited 9 participants from the University of Waterloo
(18 to 33 age range, M=25.66, 6 self-identified as male and 3 as female).
When asked to rate their level of familiarity with reinforcement learning
on a 5-point Likert ranging from “very unfamiliar” (1) to “very familiar”
(5), the mean level of familiarity was 3.55, with the mode and median
being 3. The Likert-scale data is visualized in figure 2.4.

mmm  Very Unfamiliar Unfamiliar Neutral Familiar = Very Familiar

22.2% 33.3% 11.1%

2.4.3 Procedure

Participants used our system to specify how they would like the agent to
act. Participants then labeled 50 scenarios and were interviewed.

Introduction (~5min) - After participants completed the consent form
and demographic questions, we thoroughly explained the environment
mechanics so that differences reflected their opinions rather than assump-
tions about the setup.

Dialogue - The participant began by conversing with the system about
the agent’s behavior following the process described in Algorithm 1.
To control the amount of time users spent, we limited the user to one
preference construction loop and one uncertainty reduction loop.

Labeling - Following the participants’ dialogue interaction with the system,
participants labeled 20 scenarios. Each participant labeled the same
scenarios, which allowed us to assess how much the participants agreed
on the labels.

Semi-structured Interview (~10min) - After completing the labeling task,
participants were asked about their ability to communicate their decision-
making to the system, including their capacity to articulate label choices,
any difficulties in decision-making, and potential changes in their labeling
behavior over time.
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Figure 2.3: Participant familiarity with re-
inforcement learning in Study 1 of Chap-

ter 2.

Figure 2.4: Participant familiarity with re-
inforcement learning in Study 2 of Chap-

ter 2.
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2.4.4 Baseline Comparisons

To evaluate the effectiveness and efficiency of IRDA, we compared its
performance against several baseline methods. These baselines were
chosen to isolate the specific contributions of IRDA’s unique component,
namely the reflective dialogue, and to benchmark its performance against
standard machine learning techniques under varying data conditions.

Language-Based Baseline (L)

Kwon et al. [Kwo+23] proposed a reward modeling pipeline for text-based
environments where the user selects multiple examples from a palette of
examples of the agent behaving as they would desire, accompanied by
explanations. We modify their pipeline in the following way: Instead of
asking the user to select examples from a handcrafted palette, we choose
the examples the user sees with the diversity- and uncertainty-based
sampling procedures described and in Section 2.3. This system differs
from IRDA in that it does not engage the user in reflective dialogue.

The primary purpose of the L? baseline is to serve as a direct comparison
to IRDA, differing only in the absence of the structured reflective dia-
logue component (specifically, the generation and discussion of feature
hypotheses % and alternatives o). By comparing IRDA against L5, we
can directly assess the impact of the reflective interaction on the quality
of the learned reward model, thereby addressing RQ2 (Does structured
reflection enhance language-based reward modeling?). It allows us to
isolate the contribution of the dialogue mechanism beyond simply using
an LLM to process trajectory-explanation pairs.

Supervised Learning Baselines

We also compared IRDA against traditional supervised learning ap-
proaches, which represent standard methods for learning predictive
models from labeled data. These comparisons help benchmark IRDA’s
performance and, crucially, its sample efficiency. We implemented two
types of supervised models: Individual models per participant and col-
lective models trained on aggregated data. In Study 1, we implemented
multi-layer perceptron models (one hidden layer, 32 neurons) using a
tensor encoding of the trajectory: individual models (MLPil.“d) for each
participant i and a collective model (MLP)) trained on all participant
data. Study 2 expanded this comparison to include both MLP models
with 26-dimensional Moral Machine scenario vectors and convolutional
neural networks (CNNii“C1 and CNN®!) using scenario image inputs.
The CNNs used two convolutional layers (16 and 32 filters) with max
pooling, followed by fully connected layers reducing to 64 dimensions.
Each supervised learning model was incrementally trained with up to
30 examples per participant using the Adam optimizer (learning rate
0.001).
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[Kwo+23]: Kwon et al. (2023), ‘Reward
Design with Language Models’
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Table 2.1: Mapping of Analysis Methods to Research Questions

Analysis Method

RQlI RQ2 RQ3

Inter-Annotator Agreement

Evaluation of Language-Based Reward Model Performance
Comparison to Supervised Learning

Qualitative Analysis of Participant Decision Making
Analysis of Feature Similarity Between Participants
Interview Thematic Analysis

SNENENEREN
SENEENEEN

2.4.5 Analysis

To answer our research questions, we employ a mixed-methods ap-
proach, combining quantitative analyses of model performance and inter-
annotator agreement with qualitative analyses of participant decision-
making processes and experiences.

Inter-Annotator Agreement

We assess the inter-annotator agreement between participants on the test
set of scenarios they labelled in each study. Since each participant labelled
the same test scenarios, we can use Fleiss’ kappa value to quantify the
inter-annotator agreement between the participants [LK77]. Generally,
kappa statistics below 0 indicate “poor” agreement and kappa statistics
above 0.8 indicate “nearly perfect” agreement.

Evaluation of Language-Based Reward Model Performance

We evaluated our system against a baseline without dialogic reflection
using a performance metric P, where P%RDA and PIB represent participant
i’s metrics for our system and baseline, respectively. Study 1 used balanced
accuracy due to class imbalance, while Study 2 used accuracy. For each
participant, both systems generated rewards for 20 non-training scenarios,
yielding 20 pairs of P values. We conducted three statistical tests on the
P values:

1. We bootstrapped 95% confidence intervals for the mean by resam-
pling 10,000 times with replacement.

2. For each participant, we calculated the difference AP; = P}RDA -P I.B
and bootstrapped these differences in the same way.

3. P values were compared using the Wilcoxon signed-rank test,
chosen for its robustness to non-normal distributions and reduced
false positives [BS99].

Comparison to Supervised Learning

We compared our language-based systems to traditional supervised
learning approaches. Both the individual models (MLPil.nGl and CNNil.nd)
and the collective models (MLP®! and CNN*!) were trained incremen-
tally, gradually increasing the number of samples used per participant.
This methodology allowed us to analyze how model performance evolved
with increasing data availability. For each increment, we calculated P;“d
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[LK77]: Landis et al. (1977), ‘The mea-
surement of observer agreement for cat-
egorical data’

[BS99]: Bridge et al. (1999), ‘Increasing
physicians” awareness of the impact of
statistics on research outcomes: compar-
ative power of the t-test and Wilcoxon
rank-sum test in small samples applied
research’
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Figure 2.7: (Left) Distributions of balanced accuracies for language-based reward models: our pipeline (IRDA) vs. baseline (L?) in Study
1 of Chapter 2. (Right) Distribution of per-participant differences in balanced accuracy (P}RDA - PZ.B ) between IRDA and baseline models

in Study 1 of Chapter 2.

and PZ.C"1 for each participant i. To ensure robustness, we bootstrapped
these values with replacement using 10,000 resamp]es.

Qualitative Analysis of Participant Decision Making

We conducted a detailed analysis of the message exchanges between par-
ticipants and the system to gain insight into participants’ decision-making
processes. We employed an inductive coding approach, systematically
reviewing the messages to identify key features and criteria that par-
ticipants used in their decision-making. Our coding process involved
multiple passes through the data, with iterative refinement of the code-
book to ensure it captured the full range of decision-making strategies
observed.

Analysis of Feature Similarity Between Participants

To quantify how similar participants were in their use of decision-making
features, we employed the Jaccard similarity coefficient [Jac12]. This
measure calculates the overlap between two sets of items, which, in our
case, are features that the two participants used to make decisions. We
computed the Jaccard similarity coefficient for every pair of participants,
using the set of decision-making features each participant employed (as
identified in our qualitative analysis). To estimate the overall similarity
across our participant pool, we then calculated the mean of these pairwise
Jaccard coefficients. We used bootstrapping with 10,000 resamples to
determine the 95% confidence intervals.

Thematic Analysis of Interview Data

We conducted semi-structured interviews with participants to under-
stand their experiences. The interview transcripts were analyzed using a
thematic analysis approach guided by the principles outlined by Braun
and Clarke [BC06]. We followed a six-phase process: familiarization
with the data, generating initial codes, searching for themes, reviewing
themes, defining and naming themes, and producing the report.
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[Jac12]: Jaccard (1912), ‘“The distribution
of the flora in the alpine zone’

[BCO6]: Braun et al. (2006), ‘Using the-
matic analysis in psychology’
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2.5 Results: Study 1 - Multi-Agent Apple
Farming

On average, participants took 15 minutes 57 seconds (SD = 6 min. 43 sec.,
range: 6 min. 59 sec. - 30 min. 55 sec.) to complete the dialogue with the
system and 13 minutes 37 seconds (SD = 3 min. 2 sec., range: 6 min. 55
sec. - 18 min. 26 sec.) to complete the labelling of 50 trajectories. Of 21
participants, 7 (33.33%) entered the preference construction loop”.

S1 - Inter-Annotator Agreement

We observed a Fleiss” kappa value between all participants’ labels on the
50 labelled trajectories of ¥ = 0.336, indicating “fair” agreement among
participants [LK77]. The Fleiss’ kappa statistic of 0.336 we observed lends
credence to the idea that human values and preferences are subjective
and personal.

S1 - Evaluation of Language-Based Reward Model Performance.

On average, the reward models produced by our pipeline (IRDA) received
significantly higher balanced accuracy scores (measured in percentages)
than the baseline system (LB) by 9% (95% CI: [5%, 13%], M = 68% vs. M
=59%, p=.002). This indicates that structured reflection is beneficial. The
distributions of the balanced accuracies for each pipeline are visualized
in the left frame of Figure 2.7, and the distribution of the per participant
difference in balanced accuracy is shown in the right frame.

S1 - Comparison to Supervised Learning

With all 30 training samples, the average balanced accuracy of the
individual models (MLP™) was 59% (95% CI: [53%, 65%]) while the
collective model (MLP*®) achieved 48% (95% CI: [46%, 50%]). This
indicates that participant value definitions varied significantly. Figure 2.8
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Figure 2.8: Balanced accuracy of models
vs. samples per participant in Study 1
of Chapter 2. Blue line shows average
individual MLP (MLPi“d); red shows col-
lective MLP (MLP®!). Our IRDA sys-
tem (green dashed) and baseline (LB,
yellow dashed) used 4 samples per par-
ticipant (vertical gray line). Collective
model trained on 21x samples shown (21
participants). Shaded areas: 95% confi-
dence intervals. Gray dashed line: ran-
dom performance.

7: Asnoted above, participants were lim-
ited to one iteration of the preference con-
struction loop due to time constraints.

[LK77]: Landis et al. (1977), ‘The mea-
surement of observer agreement for cat-
egorical data’



Table 2.2: Behavioural features participants used to decide whether the agent was acting respectfully in Study 1 of Chapter 2. Cells
coloured in light grey ( ) indicate that the participant did not consider the feature. Cells colored in green ( [Ji] ) indicate the

participant considered the feature in their decision making.

P10
P11
P12

— AN FHLO O DN 0N
[ S & A A A A o AV el

Stays in Own Quadrant

Interferes With Others

Task Completion

Picks Up Own Garbage

Pick up Others’ Garbage

Tit for Tat Behavior

Taking Others Apples

Eats Own Apples

Picks Up Garbage Before Apple
Efficiency .

Time in Others’ Quadrants .

In Quadrant While Owner was Gone

illustrates the relationship between model performance and the number
of samples provided per participant.

S1 - Qualitative Analysis of Participant Decision Making

Although our system can align Al agents with various values, we focused
on respect to examine how individuals interpret even a single value
differently. Analysis of participant conversations revealed 12 distinct
behavioral features used to evaluate respectful agent behavior.® Usage
varied significantly - P1 relied solely on whether agents stayed in their
quadrant, while P5, P7, and P10 each employed seven features. Only
one participant pair shared identical feature sets, and most participants
combined them using hierarchical and conditional rules. While the agent
staying in its quadrant was the most common feature, features varied
in temporal scope, from static properties (current quadrant location) to
multi-step sequences (collecting garbage before apples). A full list and
description of the features we identified can be found in Section A.2 in
the appendix.

To convey the diversity of decision making features participants used,
we visualized the feature use in Table 2.2.

S1 - Analysis of Feature Similarity Between Participants.

We observed an average Jaccard similarity coefficient between all pairs of
participants’ feature usage of | = 0.357, with a 95% confidence interval
of (0.333,0.3813).

S$1 - Thematic Analysis of Interview Data

Our thematic analysis revealed two main themes: participants’ evolving
definitions of respect and the system’s impact on this evolution.

Evolving Definitions of Respect. Participants’ understanding of respect
developed significantly through system interaction. Initial definitions
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8: We analyzed features only from the
five trajectories (out of six) that all partic-
ipants viewed.



focused on simple concepts like spatial boundaries and task-specific
behaviors (P4, P6, P7, P10, P19). Through engagement with examples
and system feedback, these views became more nuanced. Participants
who encountered examples challenging their initial perspectives often ex-
panded their conceptualization of respect (P3, P8, P10, P13, P18, P19, P20).
This evolution aligns with consumer research showing that reflection
and realistic decision-making improve preference reporting [HDD14].

Specific Impact of System Hypothesis. The system’s hypotheses and
alternative features actively shaped participants’ respect definitions. The
presentation of alternatives prompted reevaluation and revision of initial
concepts (P3, P8, P13, P18, P20). While some participants maintained their
original views (e.g., P19), the system’s suggestions helped others refine
their understanding (P13, P18) or consider new perspectives (P3, P20),
demonstrating the value of reflective dialogue. This finding corroborates
similar findings in group-based deliberation [Mur21].?

2.6 Results: Study 2 - The Moral Machine

On average, participants took 18 minutes 28 seconds (SD = 7 min. 15
sec., range: 12 min. 0 sec. - 34 min. 34 sec.) to complete the dialogue with
the system and 11 minutes 51 seconds (SD = 4 min. 15 sec., range: 4 min.
46 sec. - 17 min. 04 sec.) to complete the labelling of 50 trajectories. Of
9 participants, 1 (11.11%) entered the preference construction loop for one
iteration.

S2 - Inter-Annotator Agreement

We observed a Fleiss” kappa value between all participants’ labels on the
50 labeled trajectories of x = 0.460, indicating “moderate” (higher than
“fair”) agreement among participants [LK77].

S2 - Evaluation of Language-Based Reward Model Performance.

On average, the reward models produced by our pipeline (IRDA) received
significantly higher accuracy scores (measured in percentages) than the
baseline system (LB) by 12% (95% CI: [4%, 27%], M = 65% vs. M = 53%,
p=-05). This adds more evidence in favor of the effectiveness of structured
reflection. The distributions of the balanced accuracies for each pipeline
are visualized in the left frame of Figure 2.9. The distribution of the
per-participant difference in balanced accuracy is shown in the right
frame.

S2 — Comparison to Supervised Learning

With all 30 training samples, the average accuracy of the individual
MLP models (MLP;nd was 79% (95% CI: [74%, 84%]) while the collective
model (MLP) achieved 77% (95% CI: [75%, 78%]). The left frame
Figure 2.10 illustrates the relationship between model performance and
the number of samples provided per participant for the MLP models.
For the CNN models, with all 30 training samples, the average accuracy
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Figure 2.9: (Left) Distributions of accuracies for language-based reward models: our pipeline (IRDA) vs. baseline in Study 2. (Right)
Distribution of per-participant differences in accuracy (P%RDA - PIB) between IRDA and baseline models in Study 2.

of the individual models (CNNi.“d) was 67% (95% CI: [61%, 73%]) while
the collective model (CNN! achieved 77% (95% CI: [70%, 83%]). The
right frame of Figure 2.10 illustrates the relationship between model
performance and the number of samples provided per participant for the
CNN models. These results point to two things: first, when participant
agreement is high, collective methods may outperform individualized
methods. Second, when agreement is high and the learning problem
becomes more difficult (e.g., the CNN models with image input), pooling
of samples is beneficial.

S$2 — Qualitative Analysis of Participant Decision Making

By analyzing the participants’ conversations with our system, we iden-
tified nine features they used in their decision-making in Study 2. The
most common features were minimizing casualties (8 /9 participants) and
traffic rule compliance (8/9 participants). Most participants combined
features conditionally and hierarchically. The features each participant
used are visualized in Table 2.3. Descriptions of each feature can be found
in Section A.2 in the appendix.

Human vs. Animal Priority
Traffic Rule Compliance
Minimizing Casualties

Age Prioritization

Survival Probability
Maintaining Original Path
Societal Value/Contribution
Passenger Safety Priority
Gender B

S2 — Analysis of Feature Similarity Between Participants.
We observed an average Jaccard similarity coefficient between all pairs of

participants’ feature usage of | = 0.464, with a 95% confidence interval
of (0.403, 0.526).
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Table 2.3: Behavioural features par-
ticipants considered (Study 2). Cells
coloured in light grey ( ) indicate
that the participant did not consider the
feature. Cells colored in green ( [l )
indicate the participant considered the
feature.
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Figure 2.10: Comparison of model accuracies as a function of samples per participant in Study 2. (Left) Performance of MLP-based
models: average individual MLP (MLP™, blue), collective MLP (MLP!, red), our IRDA approach (green dashed), and baseline LB
(yellow dashed). (Right) Performance of CNN-based models: average individual CNN (CNN™4, blue), collective CNN (CNN ol red),
IRDA, and baseline. Both panels show confidence intervals (shaded areas), the 6-sample training point for IRDA and baseline (vertical
gray line), and the random performance level (gray dashed).

S2 — Thematic Analysis of Interview Data

Through our thematic analysis, we found two main themes: (1) partic-
ipants’ definitions of ethical decision making evolved throughout the
activity, and (2) participants’ decisions were primarily based on explicit
reasoning but sometimes relied on intuition.

Decision-making Evolution. The interviews showed variations in how
participants” decision-making approaches developed throughout their
interaction with the system and the Moral Machine scenarios. For some,
the process led to an evolution in their ethical criteria. These participants
described refining or expanding their decision-making rules as they
encountered a wider range of dilemmas. For instance, P3 noted that
exposure to scenarios where their initial criteria resulted in a tie forced
them to “realize]...] the need to consider new factors.” This adaptation,
triggered by the complexity and diversity of the ethical trade-offs pre-
sented, mirrors the findings on preference construction and evolution
observed in Study 1, where engagement with challenging examples
prompted deeper reflection.

Conversely, other participants reported maintaining a consistent ethical
framework throughout the study. P2, for example, stated their “rules
remained consistent,” suggesting they approached the task with a pre-
defined set of principles that were applied across different scenarios. For
these participants, the interaction may have served less as a process of
preference construction and more as an opportunity to articulate and
apply their existing, stable values to the specific dilemmas presented by
the Moral Machine environment. This highlights that while the reflective
process can facilitate preference evolution for some, it can also help others
express pre-existing convictions.

Intuition vs. Explicit Reasoning. While most participants could articulate
clear reasoning, some relied on intuition for complex scenarios. P7
reported using “first instinct” or “vibes” for several challenging cases.
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2.7 Discussion

The Interactive-Reflective Dialogue Alignment (IRDA) system, developed
as part of this thesis’s exploration of the interface between Artificial
Intelligence and Social Choice theory, yields insights relevant both for
aligning Al with diverse human values (the SC — Al direction) and for
leveraging Al to improve preference elicitation and collective decision-
making processes (the AI — SC direction). Our evaluation suggests
significant value diversity exists in Al alignment contexts and that
LLM-guided reflection, as implemented in IRDA, is an effective, sample-
efficient method for learning individualized reward models that capture
this pluralism.

Value Diversity (RQ1). Our studies revealed context-dependent value
pluralism. In Study 1 (respectful behavior), participants exhibited sub-
stantial disagreement (x = 0.336, ] = 0.357), and collective models
performed poorly compared to individualized ones. This heterogeneity
underscores the potential inadequacy of standard alignment methods
that implicitly aggregate preferences, motivating the need for frameworks
grounded in social choice principles (SC — AI). Such frameworks often
require explicit, individualized preference representations—like those
IRDA generates—as a necessary foundation for applying transparent
and principled aggregation rules. In contrast, Study 2 (Moral Machine)
showed higher agreement (x = 0.460, ] = 0.464), where collective models
were more competitive. This suggests that the degree of value pluralism
is context-specific, influencing the choice of appropriate alignment or
aggregation techniques.

The Effectiveness of Reflection (RQ2). IRDA significantly outperformed
the non-reflective baseline (L?) in both studies (9-12% accuracy improve-
ment), demonstrating the benefit of structured reflection for preference
elicitation. This supports the thesis argument (Chapter 1) that LLMs
can enhance collective decision-making processes (AI — SC) by mov-
ing beyond the limitations of traditional methods like polls or ballots,
which often capture "top-of-the-head" responses [FLO5]. By facilitating
reflection, IRDA helps users engage in preference *construction* [Fis91],
articulating more considered judgments and translating latent values
into operational reward signals useful for alignment. The improvement,
even among participants with stable views, suggests reflection enhances
articulation and communication clarity.

Contextual Efficacy of Language-Based RMs (RQ3). The relative ad-
vantage of individualized, language-based reward modeling depends
on context. IRDA’s strength lies in its sample efficiency and ability to
capture heterogeneous preferences (Study 1), leveraging LLM few-shot
learning and reflection. However, with more homogeneous preferences
and sufficient data, traditional collective models may match or exceed the
performance of individualized models trained on sparse data (Study 2).
This contextual variation informs the practical application of methods for
both pluralistic alignment (SC — AI) and Al-assisted decision-making
(AI — SQ). It suggests when the richer, individualized preference in-
formation captured by IRDA is most critical, versus situations where
simpler collective modeling might be adequate or even preferable due to
robustness with larger datasets.
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Contributions and Implications. In summary, this chapter addressed
challenges central to the thesis: handling value pluralism and improving
preference elicitation through Al We introduced and evaluated IRDA, a
novel pipeline combining LLM-guided reflection, active learning, and
in-context reward modeling. IRDA contributes directly to the AI — SC
direction by offering an interactive, conversational technique for eliciting
richer, more reflective verbal preferences than traditional methods allow.
Simultaneously, by generating nuanced, individualized reward models, it
provides the essential building blocks needed for applying explicit social
choice aggregation mechanisms within the SC — Al direction, enabling
more principled pluralistic alignment. Our empirical results characterized
the nature of value divergence (RQ1), demonstrated the utility of reflection
(RQ2), and mapped the conditions under which individualized modeling
excels (RQ3). Together, these contributions advance the development of
Al systems and Al-assisted processes designed to be sensitive to human
diversity, empowering individuals to better articulate and embed their
values in socio-technical systems.
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CONSENSUS STATEMENT
GENERATION VIA TOKEN-LEVEL
TREE SEARCH

URRENT frameworks for large language model generation lack the
C inherent structure needed to provide provable fairness guarantees
when aggregating diverse free-form opinions into consensus statements.
We model the task as a multi-objective, token-level Markov Decision
Process (MDP), where each objective corresponds to an agent’s prefer-
ence. Token-level rewards for each agent are derived from their policy
(e.g., a personalized language model). This approach utilizes the finding
that such policies implicitly define optimal Q-functions, providing a
principled way to quantify rewards at each generation step without a
value function [Raf+24]. This MDP formulation creates a formal structure
amenable to analysis using principles from social choice theory. We pro-
pose two approaches grounded in social choice theory. First, we propose
a stochastic generation policy guaranteed to be in the ex-ante core, ex-
tending core stability concepts from voting theory to text generation. This
policy is derived from an underlying distribution over complete state-
ments that maximizes proportional fairness (Nash Welfare). Second, for
generating a single statement, we target the maximization of egalitarian
welfare using search algorithms within the MDP framework. Empirically,
experiments using language models to instantiate agent policies show
that search guided by the egalitarian objective generates consensus state-
ments with improved worst-case agent alignment compared to baseline
methods, including the Habermas Machine [Tes+24].

3.1 Motivation

Collective deliberation, involving the exchange of diverse views to reach
common ground, is fundamental to democratic processes. While struc-
tured forums like citizens” assemblies facilitate this, they face challenges
of scale, cost, and ensuring equal participation [Tes+24]. Artificial in-
telligence, particularly Large Language Models (LLMs), can support
deliberation by synthesizing complex viewpoints expressed in natural
language. However, a gap exists: the lack of principled mechanisms for
fairly aggregating these diverse perspectives during the generation of a
consensus statement. Without transparent and theoretically grounded
procedures, LLM-generated outputs risk obscuring disagreements or
unfairly representing contributing voices.

Social choice theory offers formal fairness criteria. The emerging field of
generative social choice (GSC) aims to apply these principles to open-ended
generation tasks [Fis+24; Tes+24]. Existing GSC approaches have targeted
axioms like Balanced Justified Representation (BJR), which seeks fair
representation for groups. However, methods to achieve these goals
frequently rely on applying criteria post-hoc or using direct prompting
strategies—for instance, instructing an LLM to generate text that maxi-
mizes the minimum utility [Fis+24]. While valuable, such approaches
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lack a step-by-step, verifiable mechanism operating within the genera-
tion process itself, making it difficult to assess the fairness of the final
output.

This work introduces a framework that integrates fairness criteria into the
token-level generation process, providing such a principled mechanism.
We represent each agent i’s viewpoint using a policy 7;, which assigns
likelihoods 7ti(s, a) reflecting their desired content given the current
prefix s. Text generation is then modeled as a deterministic, token-level
Markov Decision Process (MDP). Within this MDP, agent rewards r;(s, a)
are derived from their respective policy likelihoods (e.g., rll.Og(s, a) =
Blog mi(s, a)), consistent with preference-based reward formulations
[Raf+24].

This MDP structure allows us to develop mechanisms for different
fairness paradigms. One approach defines a stochastic generation policy
IT". This policy is derived by optimizing a distribution over complete
statements to achieve proportional fairness, specifically by maximizing the
Nash Welfare product. We prove that the resulting policy IT* resides
in the ex-ante core, ensuring stability against coalitional deviations and
providing a method for fair randomization grounded in the generation
process.

Alternatively, for applications requiring a single consensus statement, our
framework targets the maximization of egalitarian welfare (EW), defined
as min; U}Og(X ), thereby seeking the best outcome for the least satisfied
agent. This objective aligns with the representation fairness goals seen in
GSC approaches like BJR. However, distinct from methods relying on
high-level prompts, we propose constructive algorithms—specifically,
finite lookahead search and beam search—that optimize the EW objective
directly through structured planning and search over the token-level MDP.
This provides a transparent and analyzable mechanism for generating
statements that fulfill egalitarian aims.

This paper presents the formal MDP setup, derives theoretical fairness
properties for the resulting generation policies, introduces tractable search
algorithms, and provides empirical evidence supporting the validity of
the reward formulation and the effectiveness of the proposed search
methods compared to baselines.

3.2 Related Work

Our research on generating fair consensus statements draws upon and
extends ideas from generative social choice, guided decoding, and mech-
anism design for large language models (LLMs).

Generative Social Choice. This field seeks to apply computational
social choice principles to open-ended generation tasks, leveraging LLMs.
Works like Fish et al. [Fis+24] and Tessler et al. [Tes+24] focus on aggre-
gating diverse preferences into representative textual outputs (slates or
consensus statements). These approaches employ LLM-based preference
modeling, utilizing different strategies to ensure fairness or representa-
tion. Some methods apply specific aggregation rules, such as Schulze
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voting, to rank or select among candidate texts after they have been
generated (post-hoc). Others aim to produce outputs that directly satisfy
representation axioms, like JR/BJR, attempting to achieve this by guid-
ing the generation process with high-level instructions within prompts
[Fis+24]. Revel and Penigaud [RP25] provide conceptual framing for
such Al-facilitated collective judgment systems.

While valuable, these methods often lack a fine-grained, verifiable mech-
anism that integrates fairness into the step-by-step construction of the
text. Our work addresses this gap by modeling statement creation as
a sequence of choices within a multi-objective MDP, where selecting
each token is treated as a public decision [CFS17]. This token-level opti-
mization offers a more formally grounded and transparent mechanism
compared to post-hoc evaluations or high-level prompting, ensuring
fairness properties are respected throughout the construction of the
consensus statement.

Guided Decoding. These techniques aim to control LLM generation
at inference time towards desired properties. Methods often involve
search algorithms guided by auxiliary models or objectives. For instance,
PPO-MCTS (Liu et al. [Liu+24]) uses the PPO value network to score
partial sequences within a Monte-Carlo Tree Search, while MOD (Shi
et al. [Shi+24]) and COLLAB (Chakraborty et al. [Cha+25]) focus on
combining or switching between multiple pre-existing models/policies
at decoding time based on explicit weights or implicit Q-functions.
Like these methods, we employ search algorithms (bounded lookahead,
beam search) to navigate the generation space and optimize objectives
during decoding. Our use of agent policies to provide token-level scores
(likelihoods as rewards) also aligns with the core idea of using quantitative
signals to guide generation. However, we frame the problem as planning
within a multi-objective MDP derived directly from the input agent
policies, optimizing social choice objectives (PF, Egalitarian Welfare)
within this framework, rather than relying on a single pre-trained value
model or heuristics for combining separate, pre-aligned models. We
also prove that one of our methods is ex-ante fair (operationalized with
proportional fairness and the core) and another one of our methods
provides an approximation of ex-post optimal egalitarian welfare.

Mechanism Design for LLMs. This nascent area explores mechanisms
for settings where multiple agents interact via LLMs. Diitting et al.
[Due+24] design token-level auctions where bids influence generated
distributions, analyzing incentive compatibility. Dubey et al. [Dub+24]
design auctions for incorporating ads into LLM summaries, using “promi-
nence” as an intermediate allocation variable. Common ground exists in
the high-level goal of aggregating inputs from multiple agents (repre-
sented algorithmically/via LLMs) to produce a collective textual output.
However, our work differs significantly in methodology and objective.
We do not employ economic mechanisms like auctions, bids, or payments.
Instead, we formulate the aggregation problem as a multi-objective op-
timization within an MDP, aiming to achieve a fair consensus based
on social choice criteria, rather than allocating influence or generating
content based on bids.

24

[Fis+24]: Fish et al. (2024), ‘Generative
Social Choice’

[RP25]: Revel et al. (2025), ‘Al-Facilitated
Collective Judgements’

[CFS17]: Conitzer etal. (2017), ‘Fair public
decision making’

[Liu+24]: Liu et al. (2024), ‘Don’t throw
away your value model! Generating
more preferable text with Value-Guided
Monte-Carlo Tree Search decoding’
[Shi+24]: Shi et al. (2024), ‘Decoding-
time language model alignment with
multiple objectives’

[Cha+25]: Chakraborty et al. (2025), “Col-
lab: Controlled Decoding using Mixture
of Agents for LLM Alignment’

[Due+24]: Duetting et al. (2024), ‘Mecha-
nism design for large language models’

[Dub+24]: Dubey et al. (2024), ‘Auctions
with llm summaries’



3.3 Problem Setup & Preliminaries

Consider a setting with a finite set of agents N = {1,2,...,n}, each
representing distinct viewpoints or interests regarding a specific Issue.
The goal is to generate a consensus text statement reflecting these per-
spectives fairly. The inputs to the process include descriptions of the
Issue, the agent opinions (e.g., free-form text expressing their views), and
the derived agent policies. Additionally, a reference consensus policy
(e.g., a base language model) is used to propose tokens in the consensus
statement.

Agent Policies. Each agenti € N is represented by a policy mt;, which
assigns a likelihood 7t;(s, a) € [0, 1] to each action a given the state s.
Intuitively, 7;(s, a) reflects how closely an action aligns with agent i’s
preference at state s. This policy could be an LLM fine-tuned or prompted
for agent i’s viewpoint. We assume > ;¢4 mi(s,a) = 1 forall i, s.

Token-Level MDP. We model text generation as a deterministic, discrete-
time Markov Decision Process defined by the tuple (S, A, T, R). Here, S is

the state space of partial text sequences (prefixes), including initial sp and

terminal states. A is the action space consisting of the token vocabulary
plus a special end-of-sequence token (eos). T is the deterministic transi-
tion function where T(s, a) = s||a appends the chosen token; selecting

a = (eos) leads to a terminal state representing a completed statement

X. Finally, R represents the agent-specific reward functions. We define

two types of rewards based on agent policies, serving different analytical

purposes:

1. Log-Likelihood Reward: rzl,Og(s, a) = Blogm;(s,a). This formula-
tion aligns with implicit rewards in preference learning [Raf+24],
where > 0is a scaling factor. This reward can be negative and is
suitable for additive utility accumulation along a path.

2. Likelihood Reward: rfwb(s, a) = j(s, a). This reward uses the di-
rect probability, ensuring non-negativity (rfmb > 0). This positivity
is needed for social welfare functions involving products or ratios,
such as Nash Welfare.

We denote by € the set of all possible complete paths (sequences ending
in (eos)) from s.

In practice, we assume at each non-terminal state s, we only consider a
finite set of B possible next tokens Ap(s) C A. This set could be chosen by
a base language model ranking tokens by probability, effectively defining
a limited vocabulary for each generation step. With this finite branching
factor B and a maximum sequence length L.y, the set € of complete
paths is finite (bounded by Bmax).

This sequential token selection process naturally defines a tree structure
rooted at sg. Each edge represents choosing a token from Ag(s;), and each
node represents a partial sequence s;. To make this concrete, consider
a scenario with two agents (N = 2) deciding if a community event
should feature ‘'music’ or ‘food’. If the generation reaches the state
st = 'Event should feature’, the set Ap(s;) might contain {" music’,” food’,
...}. Figure 3.1 provides a conceptual illustration of this generation tree.

25

[Raf+24]: Rafailov et al. (2024), “From r
to Q": Your Language Model is Secretly
a Q-Function’



S0 (Prompt)

"Event’ "The”

sé: ‘Event will’

” should”
$p: ‘Event should”

s%: ‘Event should have’

’ feature’

s3: ‘Event should feature’

’ food’

Figure 3.1: Illustration of the token-level
generation tree. Each state s; is a partial
sequence. Edges represent actions (cho-

’ music’

sen tokens). Paths ending in a boxed node

[54: .. music’ — (eosﬂ [Sfl: .. food” — (eosﬂ ! . represent completed sequences ending

: : with (eos), which belong to the set 6.

e ce Paths ending in vertical dots represent
incomplete branches.

The leaves of this tree, corresponding to paths ending in (eos), constitute
the set €. The challenge, particularly given potential agent disagreements
at branching points, is to define fair procedures for selecting either a
single path (statement) or a distribution over paths in 6.

Agent Utilities. Given a completed sequence X = (a1, ..., a; = {€o0s))
corresponding to states (s, s1,...,5¢), we define two corresponding
utility functions for each agent i, derived from the respective reward

types:

1. Additive Log-Utility: Primarily used for evaluating single paths
based on cumulative log-likelihood.

4

‘
lo, lo,
UB(X) = D18 (se-1, a1) = D plog mi(si—1, ar)
=1

t=1
!

=Blog ([ [ mi(si-1, ar)
t=1

2. Multiplicative Probability Utility: Primarily used for evaluating
distributions via expected utility, forming the basis for Nash Welfare
and Proportional Fairness calculations.

{ {
UP(X) = [ TrP(se1, a0) = [ [ ilsi-1, a1) = Pi(X)
t=1 t=1

This represents the joint probability (or likelihood product) of
sequence X under agent i’s policy, ensuring UfrOb(X ) > 0.

These are related by U:Og(X) = Blog LIIPrOb(X), with UfrOb(X) > 0.

Single Paths vs. Distributions. We consider two types of outcomes:
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1. A single deterministic path X € 6. Fairness for single paths can
be assessed using criteria like Egalitarian Welfare applied to the
additive log-utilities U;Og(X ).

2. A distribution p € A(®) over paths (a lottery). Fairness for lotteries
relies on criteria like Proportional Fairness and the Core, which
operate on expected utilities. For these, the probability-based utility
is necessary:

UP(p) = Ex-, (U (X)] = > p(XOUP(X).
XeB

. -1: b . .
This expected utility Ufro (p) is guaranteed to be non-negative,
satisfying requirements of downstream fairness measures.

The Fairness of a Distribution. We analyze the fairness of lotteries
p € A(®) using criteria defined over the non-negative expected util-

ities Ufmb(p). We employ proportional fairness, which is equivalent to
maximizing the Nash social welfare (NW) function [Eba+24].

The Nash welfare function requires positive inputs, making the probability-
based expected utilities suitable:

NW(p) = [ [uP(p)

i=1

Maximizing this product is equivalent to maximizing its logarithm,
log(NW(p)) = 27, log(UlPrOb(p)). The use of UlPrOb(p) ensures the ar-
guments of the product and logarithm are non-negative (and typically
positive under mild assumptions), unlike expected log-utilities, which
are non-positive.

Proportional fairness (PF) itself is defined via ratios of these positive
utilities:

rob
1« U™ )
PF(p) = ,max — Z })I‘T
p'eA(®) 1 iy U; (p)

As mentioned above, a distribution p is proportionally fair if PF(p) =
1. Maximizing NW is known to yield a proportionally fair distribu-
tion [Eba+24].

We can also evaluate the fairness of a distribution using the concept of
the core which originates from cooperative game theory. The core is a
strong notion of stability [Sha71]. In the context of collective decision-
making, including voting and resource allocation, an outcome in the
core signifies that no subgroup (coalition) of agents can unilaterally
break away and achieve a different outcome that all members of that
subgroup strictly prefer (or where some prefer and none are worse off),
considering their proportional influence [ABM19]. This resistance to
coalitional deviation is highly desirable for consensus statements, as it
suggests the outcome (a lottery in this case) is robust and less likely
to be rejected by dissatisfied subgroups who feel they could engineer
a universally better distribution over alternatives for themselves using
their proportional share of probability mass. In essence, a lottery in the
core represents an outcome that “everyone would agree to” making it a highly
appealing notion in the context of consensus generation. Maximizing Nash
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Welfare of expected utility provides a computationally grounded way to
find a distribution within the core [FMS18; Eba+24].

We define the core using probability-based expected utilities Uipmb(p)
since they are non-negative and thus are compatible with Nash welfare
optimization.

Definition 3.3.1 (a-Core) For a > 1, a distribution p € A(B) is in the
a-core if there is no coalition S € N and alternative distribution p’ such that
S by > o uP™p), vies

|N| i - il 4 7
with strict inequality for at least one agent i € S. When a = 1, this is also
simply referred to as the core.

A key result is that a distribution maximizing Nash Welfare (using Ufmb)
is guaranteed to be in the 1-core [ABM19; FMSI18]. This provides a strong
stability guarantee for our lottery-based approach.

The Fairness of a Path  When selecting a single path X € 6, we focus
on fairness criteria addressing the distribution of outcomes across agents
for that specific path. In particular, we attempt to maximize the sum
or the minimum utility. For this criterion, the additive structure of the
log-utility U}Og (X) is natural. For instance, the egalitarian welfare of path
X is defined using log-utilities as:

14
EW'5(X) = min U,°(X) = min >, Blog 7;(s;-1, ar) (3.1)
iEN iEN =

Maximizing EW'°8(X) seeks a path whose cumulative log-likelihood is
highest for the agent who values it least.

When selecting a single outcome, the egalitarian welfare criterion,
min;en U;(X), draws inspiration from Rawls’ theory of justice, partic-
ularly the “maximin” principle, which advocates for maximizing the
well-being of the least advantaged member of society [Raw71]. In the
context of generating a single consensus statement from diverse opinions,
maximizing the minimum utility (or minimizing the maximum dissatis-
faction) across all agents addresses the risk of marginalizing minority
viewpoints or producing a statement that, while potentially pleasing a
majority, is deeply unacceptable to some participants. By focusing on
the agent who benefits least, the egalitarian objective promotes broadly
acceptable outcomes, fostering inclusivity and reducing the potential
for alienation. Therefore, ensuring a minimum level of satisfaction for the
least-advantaged participant directly supports the fundamental requirement that
a consensus statement ultimately be acceptable to all involved parties.

3.4 Stochastic Policies and Ex-Ante Fairness

Having established the token-level MDP and fairness criteria, our goal
is to define a stochastic generation policy IT* that produces a distribution
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pr+ over complete consensus statements 6 satisfying strong ex-ante
fairness properties. Specifically, we aim for the generated distribution to
be proportionally fair and reside in the 1-core, ensuring stability against
coalitional deviations.

As discussed previously, a distribution p* € A(€6) that maximizes the
Nash Welfare (NW) product, [T\, Ufmb(p), achieves both proportional
fairness and 1-core membership [ABM19; FMS18; Eba+24]. Therefore,
our strategy is twofold: first, identify this optimal target distribution p*;
second, derive a sequential policy I'T* that, when executed step-by-step
during generation, yields exactly p*.

A primary challenge arises from the potentially enormous size of the
set of all possible statements 6, which can grow exponentially with
the maximum sequence length L.« and branching factor B. Directly
computing p* over the full space 6 is often computationally intractable.

3.4.1 Computational Tractability via Token Chunking

To address the computational burden, we introduce a chunking strategy.
This approach groups sequences of tokens into larger units, effectively
reducing the depth and branching factor of the decision tree.

Definition 3.4.1 (Token Chunking) A chunking strategy X partitions the
token sequence into contiguous segments (chunks) {k1, ka, ..., km }. Each
chunk k; consists of one or more tokens, and their concatenation forms the
complete statement. Actions in the MDP now correspond to selecting entire
chunks.

We employ a simple fixed-size chunking strategy where each chunk has
size ¢ (a hyperparameter). This reduces the effective path length from
Lmax tokens to [ Lmax/c] chunks. The search space is thus restricted to
B, the set of complete paths constructible using these chunks.

This chunking significantly improves computational feasibility. However,
it introduces an approximation: the optimal proportionally fair lottery
over the full space ‘€ might involve paths not representable in the chunked
space 6y. Our method finds the lottery p* € A(B%) that maximizes
Nash Welfare relative to this restricted space. Consequently, the fairness
guarantees (proportional fairness, 1-core membership) hold within Gy,
but the expected utilities achieved might be suboptimal compared to
what was possible in the unchunked space ‘€. The choice of chunk size ¢
thus involves a trade-off between tractability and the potential optimality

&ap-

3.4.2 Deriving the Ex-Ante Fair Stochastic Policy

Given the target distribution p* € A(8%) that maximizes Nash Welfare
over the chunked space, we now derive the stochastic policy IT* that
generates this distribution. Executing IT* involves sequentially sampling
the next chunk based on probabilities derived from p*.

To define IT*, we introduce some notation. For any state (prefix) s in the
chunked generation tree:
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» Let By (s) C Bx be the set of all complete paths (leaves) in the
chunked space that pass through state s.

» Let Bx(s, k) € Bx(s) be the subset of paths in B (s) where the
next action (chunk) taken from state s is k. Note that B%(s, k) =
B (s|| k), where s||k is the state reached after taking chunk k.

» For any subset of leaves L C By, let P*(L) = Xxer p*(X) be the
total probability mass assigned by the optimal lottery p* to the
leaves in L.

Note that P*(B%(so)) = P*(Bx) = 1, where s is the initial empty state.

With this notation, we can define the policy IT" at any given state s.

Definition 3.4.2 (Stochastic Policy Induced by Lottery p*) Let p* be a
distribution over the leaf nodes 6. The induced stochastic policy IT* at a
non-terminal state s assigns the probability of taking the next action (chunk)
k as:

P*(Bx(s,k)) sz*(C@g{(s)) >0

* — ) P*(€x(s))
e {0 P (€x(5) = 0 G2

This represents the conditional probability, according to the target distribution
p*, of selecting chunk k next, given that the generation process has reached state
s. If state s has zero probability of being reached under p* (i.e., P*(8x(s)) = 0),
then the probability of taking any action from s is also zero.

The relationship between the target distribution p* over leaves and
the calculation of the policy IT" at an internal node s is illustrated in

Figure 3.2.
P*(Bx(s)) = p"(X1) + p*(X2) + p"(X3) + p"(X4)
=0.2+0.05+0.1+0.3
=0.65
. P*(Bx(s, k1)) . P*(Bx(s, k2))
(s, ky) = ——22 1) (s, ky) = — 225, X2))
1) = T s)) &) = en(e)
0.25 0.40
=06 2% g 6 = 55 7 062
P*(€x(s, k1)) P*(Bx (s, ka2))
=p(X1) +p*(X2) =p*(X3) +p*(Xs)
=0.2+0.05=0.25 =0.1+0.3=0.40

Xq € By (5,k7) | ((Xp € By (s, k1) | (X3 € By (5, kp) | [ Xy € By (s, k)
p*(X1) =02 p*(Xp) = 0.05 p*(X3) =0.1 p*(Xg) =03

3.4.3 Properties of the Induced Policy
We now establish that executing this policy IT* from the initial state s

indeed generates the target distribution p* over the leaves of the chunked
tree G.
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Figure 3.2: Illustration of the induced
stochastic policy IT* at state s. The opti-
mal lottery p* assigns probabilities to the
leaf nodes (complete paths). The prob-
ability P*(€x(s)) is the sum of p*(X)
for all leaves reachable from s. The
probability P*(@x(s, k)) is the sum for
leaves reachable via action k. The policy
IT*(s, k) is the conditional probability of
taking action k.



Theorem 3.4.1 (Equivalence of Policy-Induced Distribution and Target
Lottery) Let prr+ be the distribution over 6y generated by executing the
policy IT* (defined in Def. 3.4.2) from the initial state so. Then pr1- = p*.

Proof. We prove by induction on the depth of state s in the chunked tree
that the probability of reaching state s under policy IT*, denoted Pry=(s),
is equal to P*(Bx(s)), the total mass assigned by p* to leaves passing
through s.

Base Case (Depth 0): The initial state is so. Pr:(sg) = 1 by definition. Also,
B (s0) = By (all paths pass through the start state), and P*(8x(so)) =
Yxegy P*(X) = 1since p* is a probability distribution. Thus, Pry-(so) =
P*(x(s0))-

Inductive Hypothesis (IH): Assume that for all states s at depth d,
Pri(s) = P*(Bx(s))-

Inductive Step: Consider an arbitrary state s” at depth d + 1. State s’
must be reached from a unique predecessor state s at depth d by taking a
specific action (chunk) k, such that s’ = s|| k. The probability of reaching
s’ under IT" is:
Prie(s") = Prr(s) - IT(s, k)
= P*(Bx(s)) - IT'(s, k) (by IH)

If P*(Bx(s)) = 0, then Pr(s) = 0, implying Pr-(s’) = 0. Also, if
P*(B%(s)) = 0, then P*(Bx(s, k)) = 0 since Bx(s, k) C Bx(s). Since

s” = s||lk, Bx(s’) = Bx(s, k), so P(Bx(s’)) = 0. Thus, Pr:(s’) =
P*(6x(s")) = 0.

If P*(B%(s)) > 0, we use the definition of IT*(s, k):

P*(6x(s, k))

Pre(s) = P'(€x(5)) - g 5

= P"(6x(s, k)

Since s’ = ||k, we have 6% (s") = Bx (s, k). Therefore,
Pri(s") = P*(6x(s"))

This completes the inductive step.

Conclusion: The induction holds for all states s. Now, consider any
leaf node X € 6. A leaf node is a state at the maximum depth. The
set of paths passing through leaf X is just the singleton set {X}, so
Bx(X) = {X}. Applying our proven result for state s = X:

Prr(X) = P*(6%(X)) = P*({X}) = p"(X)

Since this holds for all X € €y, the distribution pp- induced by policy
IT is identical to the target distribution p*. O

This equivalence directly leads to the desired ex-ante fairness guarantee
for the policy IT".
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Corollary 3.4.2 (Core Membership of Stochastic Policy) Let p* be a
distribution over @y, that maximizes Nash Welfare (and is therefore in the
I-core relative to Bz ). Let IT* be the stochastic policy derived from p* according
to Definition 3.4.2. Then the distribution pry- generated by executing IT" is in
the 1-core relative to B.

Proof. By Theorem 3.4.1, the distribution generated by policy IT* is
pr- = p”. Since p* was chosen to maximize Nash Welfare over €y, it is in
the 1-core relative to this set. Therefore, pr- is also in the 1-core relative
to 6. [l

This result confirms that our procedure—finding the MNW distribution
p* over the chunked space 6% and then executing the derived policy
IT"*—yields a generation process whose resulting distribution satisfies
the 1-core stability property within that space.

3.4.4 A Note on Computation and Approximation

While chunking makes the state space €y more manageable than 6,
computing the exact optimal distribution p* that maximizes Nash Welfare
over By can still be computationally demanding, requiring analysis of
the entire chunked tree. Yet, the definition and properties of the induced
policy IT" are still theoretically valuable as they establish the existence of
a stochastic policy in the core.

This characterization serves as a foundation for future work on practical
approximation algorithms. Such algorithms could aim to find policies
IT* that approximate IT* without needing to compute p* explicitly or
explore the full chunked tree. For instance, one could investigate whether
sampling-based methods, such as variants of Monte Carlo Tree Search
adapted for the Nash Welfare objective [HMS21], could approximate
the target policy IT* and potentially converge towards the optimal dis-
tribution p*. The goal would be to achieve near-optimal Nash welfare
efficiently. Furthermore, established theoretical results connect the degree
of approximation to optimal Nash welfare with guarantees related to
a-core membership [Eba+24]. This suggests that successful approxima-
tion algorithms could yield generation policies with quantifiable a-core
stability guarantees, providing a practical path towards implementing
these ex-ante fair stochastic policies.

3.5 Generating a Single Consensus Statement

While our proportionally fair stochastic policy IT* offers strong ex-ante
fairness guarantees, many practical applications require selecting a single
consensus statement. When generating such a statement, our objective
shifts from finding a fair distribution to identifying the single path that
best represents all agents” preferences.
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Algorithm 2 Finite Lookahead Egalitarian Welfare Maximization

Require: Set of agents N, Lookahead depth d, Branching factor B, Max
length Lax
1: Initialize current state sy to the empty sequence; t « 0
2: Initialize generated path Xy « (so)
3: while t < Ly, and s; is not terminal do
4
5

Let Xpr.fix be the path corresponding to s;.
Let P4(s¢) be the set of all paths P = (ay, . . ., ax) starting from s;
such that k < d and Xj,.fix|| P does not exceed length Lyax.

6: Find a path P* = (aj, ..., a}.) € Pa(s;) that maximizes the looka-
head objective:
. log
U °(Xprefix|| P
ngféf) 1;2}\1;1 i ( prefzx” )
: if no path P* found (e.g., s; is terminal) then
8: Break
9: end if
10: Take the first action a* « aj.

11 Update state: 541 < T(s¢,a%)

12: Append a* to the sequence represented by X;.
13: te—t+1

14: end while

15: return Complete path Xy,

3.5.1 The Rawlsian Path

Given the token tree with leaf nodes 6 (potentially derived from chunking,
By ), we aim to find a single path X* € 6 that maximizes egalitarian
welfare as defined in Equation 3.1. Due to the size of the token tree,
exhaustive search for X* may be intractable. We propose approximate
algorithms to find high-quality paths.

First, we propose a finite-lookahead algorithm. At each timestep, this
algorithm examines all paths extending d steps into the future from
the current state. It selects the initial action belonging to the path that
yields the highest egalitarian welfare within this d-step horizon. This
approach can mitigate the potential for hedging inherent in greedy search.
Specifically, when no single immediate token garners broad agreement
(i.e., results in high egalitarian welfare), a greedy method might select less
informative tokens that avoid commitment. In contrast, a lookahead can
identify longer sequences that, despite potentially controversial initial
steps, lead to states with higher overall welfare, perhaps by expressing a
concept with suitable qualifications..

Second, we consider beam search. This is a widely used heuristic search
algorithm in natural language processing with demonstrated empirical
effectiveness.

Finite Lookahead Search

The finite lookahead algorithm operates with a rolling horizon. At each
step t (current state s;), it explores all possible paths P of length up to
d originating from s;. For each such path P, it evaluates the egalitarian
welfare of the sequence formed by concatenating the path generated so
far (Xpre fix) with P. It then chooses the first action a* of the path P* that
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Algorithm 3 Egalitarian Welfare Beam Search

Require: Set of agents N, Beam width w, Branching factor B, Max length
Lmax
1: Initialize beam %y = {(so, path s9)} with the empty sequence path
2: fort = 0to Lmax — 1 do

3: Gir1 — 0 > Candidate set for next beam
4: for each path X, represented by state sequence (sg,...,St)in
g;t do
5: if s; is not terminal then
6: Consider B possible next actions Ap(s;) from state s¢
7: for each action a € Ag(s;) do
8: St41 T(St,ﬂ)
9: Xnew_path < Xpatnlla > Append action to path
sequence
10: Add Xyew_patn (represented by its state sequence) to
Bt1
11 end for
12: else
13: Add Xyt (already terminal) to 6141
14: end if

15: end for

16: For each path X € %1, compute its score f(X) =
minjen U;Og(X ).

17: Bis1 « top w paths from 6;41 according to score f(X).

18: end for

19: return Path from final beam %y, with the highest score f(X).

max

maximizes this lookahead evaluation, transitions to state s;+1 = T(s¢, a*),
and repeats.

Beam Search

Beam search is a widely used heuristic search algorithm that offers a
practical compromise between greedy search and exhaustive exploration,
particularly effective in sequence generation tasks like machine transla-
tion and text generation [M]09; Raf+24]. Instead of pursuing only the
single best option at each step (like greedy search) or all options (like
exhaustive search), beam search maintains a fixed number, w (the beam
width), of the most promising partial paths (hypotheses) at each depth
t. It expands all paths currently in the beam, generates their potential
successor tokens/paths, evaluates all resulting candidates using the
chosen objective function (here, egalitarian welfare), and retains only
the top w scoring paths for the next step. This allows it to explore a
more diverse set of sequences than greedy search, reducing the risk
of getting stuck in suboptimal paths due to poor early choices, while
remaining computationally tractable compared to exploring the entire
exponentially large search space. The final result is the highest-scoring
complete path found among the beams at the maximum length or upon
reaching terminal states.
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Reference User policy Sequence Z-Score
policy prompt  prompt
User food User food I am having 2.69
profile: empty profile: chicken/tofu
vegetarian enchiladas tonight.
Then I[@f going to
meet up with some
friends.
User location User location I'm going to the 1.78, 3.31
profile: empty profile: livesin ~ beach/mountains this
a cold climate weekend to [SUFE/SK .
I need to buy some
new clothes .
User time User time I am about to eat 4.26
profile: empty profile: some food . I am
morning going to have
L
will use my phone to
order it.
User opinion: User opinion: Implement ing 2.09

Favors stricter
gun control
laws.

background checks
that are less/more
strict for gun
purchases is [ESSential .
Also, my favorite
color is orange .

empty

3.6 Experiments

We conduct experiments to validate key aspects of our proposed frame-
work and evaluate its practical performance. First, we investigate whether
agent policies derived from prompting language models can perform
credit-assignment to provide meaningful token-level rewards, which is a
prerequisite for our search algorithms. Second, we assess the performance
of the finite lookahead and beam search methods in generating single
consensus statements, evaluating their ability to optimize egalitarian
welfare compared to baseline approaches.

3.6.1 Evaluating Prompt-Based Credit Assignment

Our framework utilizes agent policies 7;, instantiated by prompting a
base LLM with agent-specific information, to define token-level rewards
ri(s,a) = Blogmi(s, a). Token-level search algorithms guided by such
rewards, like those we propose, rely on the underlying policies exhibiting
localized credit assignment—meaning the policy likelihoods (s, )
should primarily change at tokens relevant to the specific profile infor-
mation. This property has been observed in models trained with Direct
Preference Optimization (DPO) [Raf+24]. To ensure our approach is well-
founded, we empirically validate that this necessary property also holds
for policies derived from simple system prompting of instruction-tuned
models.

Our experimental setup, inspired by the analysis in Rafailov et al. [Raf+24]
but adapted for prompting, involved controlled experiments using L1ama

35

Table 3.1: Credit assignment results
for Llama 3.1 8B Instruction-Tuned.
Darker green indicates larger Z-score.
Z-score column is for altered tokens.
Alterations are represented by "<mis-
aligned>/<aligned>".
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3.1 8B Instruction-TunedandGemma 2 9b Instruction-Tuned!.For
each test case, we compared token log-probabilities under a specific pro-
file prompt versus a baseline (empty profile) prompt. This comparison
was performed for two nearly identical input sequences: one (X;) contain-
ing a concept conflicting with the profile, and another (X) containing an
aligned concept. To quantify the localized effect of the profile change be-
tween these sequences, we calculated the z-score for each token position
j. This z-score was based on the absolute change in the token’s (profile -
baseline) log-probability difference between sequence X; and X», relative
to the mean and standard deviation of these changes across the sequence.
Using the z-score helps normalize the changes, making comparisons
meaningful across tokens that might have different inherent variability
in log-probability differences; it specifically highlights tokens where the
profile prompt induced a statistically significant shift in preference when
the aligned/misaligned concept was swapped, pinpointing localized
credit assignment. A high z-score thus highlights tokens where the
profile’s influence shifted substantially (e.g., from positive to negative)
when the input changed from conflicting to aligning.

As hypothesized, the analysis revealed that the largest changes (highest
z-scores) were concentrated at the key tokens varied between inputs
(e.g., "chicken/tofu" for a vegetarian profile), as shown in Table 3.1. This
confirms that the localized sensitivity or credit assignment property can
be induced via system prompting in instruction-tuned models, not just
via DPO training. This finding validates the foundational premise that
the log-likelihoods r;(s, a) = Blog (s, a) from our prompted policies
provide meaningful, localized signals suitable for guiding the token-level
search algorithms.

3.6.2 Consensus Generation

To evaluate the practical effectiveness of different approaches for generat-
ing a single consensus statement, we conducted experiments comparing
our proposed search algorithms against several baselines. The primary
goal was to assess how well each method optimizes the egalitarian wel-
fare (EW) objective, operationalized through a perplexity-based metric
reflecting the worst-case agent alignment.

Experimental Setup.

Scenarios: We utilized scenarios from the Habermas Machine dataset
[Tes+24]. To select distinct experimental settings, we embedded the
scenario descriptions using BAAI/bge-large-en-v1.5 [Xia+23] and per-
formed k-means clustering with k = 3, selecting representative scenarios
from each cluster (Scenarios 1, 2, and 3). The Issues from scenarios 1, 2,
and 3 are stated in the table captions of Table B.2, Table B.3, and Table B .4,
respectively.

Agents and Policies: For each scenario, we used the corresponding
agent opinions from the dataset. Agent policies 1; were instantiated
by prompting the Llama 3.1 8B Instruct model [Gra+24] with the
specific issue and agent i’s opinion, instructing it to generate text aligned
with that viewpoint (full prompt in Section B.1 of Appendix B); the
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resulting likelihoods 7;(s, @) represent agent i’s preferences. The agent
opinions are shown in Table B.2, Table B.3, and Table B.4 in Appendix
B.

Base Generation Model: Unless otherwise specified, consensus state-
ments were generated using Llama 3.1 8B Instruct, prompted with
the issue and all agent opinions (full prompt Section B.1 of Appendix
B).

Evaluation Metric - Egalitarian Perplexity (EPPL): We define a metric
to capture how well a generated consensus statement X aligns with
the least satisfied agent. For each agent i, we calculate their specific
perplexity PPL;(X) by prompting the evaluation model (Llama 3.1 8B
Instruct) with the issue and agent i’s opinion, asking it to generate
a statement perfectly reflecting that opinion. We then compute the
average log-likelihood of the actual consensus statement X = (a1, ..., ar)
conditioned on this agent-specific prompt:

_ 1 <L
Li(X) = 1 2 logmi(si-1, arlprompt,).
t=1

The agent-specific perplexity is PPL;(X) = exp(—L;(X)). The final Egali-
tarian Perplexity for statement X is the maximum perplexity across all
agents: EPPL(X) = max;eny PPL;(X). Lower EPPL values indicate better
egalitarian welfare.

Seeds: We report the average and standard deviation of the EPPL metric
over 3 random seeds for each method and scenario combination.

Methods Compared:
We compared the following methods:

1. Finite Lookahead: Our proposed algorithm (Algorithm 2) using the
base generation model with lookahead depth d = 4 and branching
factor B = 4. A post-processing "brush up" step was applied using
Llama 3.1 70B Instruct (promptin Section B.1 of Appendix B).

2. Beam Search: Our proposed algorithm (Algorithm 3) using the
base generation model with a beam width of w = 4, maintaining 4
candidate paths pruned based on partial EPPL scores.

3. Best-of-N: We generated N = 4 candidate sequences by sampling
from the base model and selecting the one with the lowest EPPL
score.

4. Prompted Habermas Machine?: An adaptation by the original
authors of the baseline [Tes+24], involving 1 round of critique with
4 candidates; we altered it by generating critiques with the base
model (Llama 3.1 8B Instruct) conditioned on agent opinions
(instead of having the human that wrote the original opinion write
the critique), before generating the final statement.

5. Habermas Machine: The consensus statement provided in the
original Habermas Machine study, generated using Chinchilla-70B.

Results

The results, summarized in Table 3.2 and visualized in Figure 3.3,
demonstrate performance differences based on the EPPL metric (lower is
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Figure 3.3: Per-scenario egalitarian welfare (perplexity). Lower values indicate better minimum agent utility. Striped bars indicate that
the method uses search over the token-level MDP. Results are also shown in Table 3.2.

better). Beam Search consistently achieved the lowest EPPL across all
scenarios (overall average EPPL: 2.87), indicating the best alignment with
the least satisfied agent. Finite Lookahead also performed well (overall
average EPPL: 4.18), on average yielding lower EPPL than sampling-based
and baseline methods. Both search-based methods outperformed Best-
of-N (6.35) and the Prompted Habermas Machine (9.67). The Habermas
Machine baseline, despite being generated by a larger model, resulted in
the highest EPPL (15.69), although this is likely due to the fact that the
statement was generated by another model (Chinchilla 70B).

These findings suggest that explicitly searching the token-level MDP
guided by the Egalitarian Perplexity objective, as done in Beam Search
and Finite Lookahead, is an effective strategy for generating consensus
statements that better satisfy the minimum agent alignment requirement
compared to sampling-based methods (Best-of-N) or iterative refinement
approaches like the Prompted Habermas Machine. The strong perfor-
mance of Beam Search, in particular, highlights the benefit of exploring
a diverse set of promising paths during generation while optimizing
egalitarian welfare.

The consensus statements produced by each method are shown for the
first seed in Table B.2, Table B.3, and Table B.4.

3.7 Discussion

This work introduced a framework for generating consensus statements
by modeling the process as a multi-objective, token-level MDP where
rewards are derived from agent-specific language model policies. We
aimed to bridge the gap between the flexibility of LLM-based text
generation and the formal fairness guarantees of social choice theory via
the token-level MDP.

Our theoretical contributions center on adapting established fairness
concepts to this generative setting. For stochastic outcomes (lotteries
over statements), we focused on proportional fairness (PF) and the core.
By maximizing the Nash Welfare product over expected probability-
based utilities, we identified an optimal lottery p*. We demonstrated
how this lottery induces a stochastic generation policy IT* (Definition
3.4.2) that inherits the 1-core property (Corollary 3.4.2), guaranteeing
ex-ante stability against coalitional deviations. This provides a principled
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Method Scenariol Scenario2 Scenario 3 Overall

Beam Search 3.22+0.37 266+015 2.74+0.25 | 2.87 +£0.37
Finite Lookahead 4294066 3.83+020 4.43+0.67 | 418+0.61
Best-of-N 857+115 670+0.32 377+0.75 | 6.35+214
Habermas Machine | 10.58 £4.76 10.39+214 8.03+1.94 | 9.67 +3.42
Predefined 1718 £0.00 15.71+0.00 14.18+0.19 | 15.69 +1.23

approach for fair randomization in consensus generation, although
computing the exact optimal lottery remains challenging. Chunking was
introduced as a practical heuristic to manage the search space size.

For deterministic outcomes (single statements), we focused on maxi-
mizing egalitarian welfare (EW), aiming to find the path X maximizing
min; U:Og(X ). Recognizing the computational cost of finding the optimal
path, we proposed approximation algorithms: finite lookahead search
and beam search.

The empirical results provide practical validation for key aspects of
our framework. First, the credit assignment experiments (Section 3.6.1)
confirmed that prompting LLMs with agent profiles effectively creates
policies 1t; whose token likelihoods reflect the specified viewpoints.
This finding supports the viability of using r;(s,a) = Blog mi(s, a) as
meaningful reward signals within the MDP. Second, the consensus
generation experiments (Section 3.6.2) compared methods based on
Egalitarian Perplexity (EPPL), a measure inversely related to EW. Both
beam search and finite lookahead search, guided by the EW objective,
consistently outperformed baseline methods like Best-of-N sampling and
an adapted Habermas Machine approach across different scenarios using
Llama 3.1 models. Beam search yielded the lowest EPPL, suggesting its
effectiveness in navigating the trade-off between exploration breadth and
objective optimization for finding high-EW single paths. The relatively
poor performance of the predefined Habermas Machine baseline might
stem from model differences or the specific nature of the EW objective
compared to the objective of the Habermas Machine [Tes+24].

Overall, the results suggest that formulating consensus generation as
a search problem within a token-level MDP, guided by explicit social
choice objectives (like EW for single paths), is a promising direction. The
search-based methods (beam search, finite lookahead) demonstrated
clear advantages over sampling or baseline iterative methods in opti-
mizing for the minimum agent utility, as measured by EPPL. While the
theoretical guarantees for PF/Core apply to distributions generated by
potentially complex stochastic policies, the practical success of EW-guided
search provides concrete methods for generating single fair consensus
statements. This work thus contributes both theoretical foundations
and practical algorithms for incorporating social choice principles into
generative Al for collective decision-making tasks, advancing the Al —
SC direction outlined in the thesis introduction (Chapter 1).
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ConNcLusION & FUuTurRe WORK

This thesis investigated the intersection of social choice theory and artifi-
cial intelligence, focusing on the challenge of managing value pluralism
in Al alignment and Al-assisted collective decision-making. We explored
two primary directions: applying social choice principles to align Al
systems with diverse human preferences (SC — Al) and leveraging Al
techniques, particularly large language models, to enhance mechanisms
for eliciting and synthesizing these preferences (Al — SC). The core
argument presented is that LLMs, when combined with principles from
social choice, provide valuable tools for both eliciting rich, individualized
preferences through reflective processes and for aggregating these di-
verse viewpoints into fair collective outputs, thereby advancing methods
for both pluralistic Al alignment and broader collective sense-making.

The research presented contributes computational methods addressing
key aspects of this argument. Chapter 2 introduced the Interactive-
Reflective Dialogue Alignment (IRDA) system. IRDA utilizes LLMs to
facilitate reflective dialogues, guiding users to articulate and construct
their preferences regarding Al behavior in specific contexts. This approach
directly addresses the challenge that preferences, especially in novel
domains, are often constructed rather than merely revealed. By generating
individualized, LLM-based reward models from these dialogues, IRDA
offers a method for capturing preference diversity with high sample
efficiency, providing a foundation for explicit, principled aggregation
informed by social choice theory, rather than relying on the implicit
aggregation common in standard RLHF pipelines. Empirical results
demonstrated IRDA’s ability to model individual values more accurately
than non-reflective baselines, particularly when underlying preferences
exhibited significant heterogeneity.

Chapter 3 shifted focus to the aggregation stage, specifically addressing
the fair generation of consensus statements from multiple viewpoints.
We modeled this task as a token-level Markov Decision Process (MDP),
where agent preferences are represented by individual policies, often de-
rived from LLMs conditioned on agent opinions. This framework allows
for the direct application of social choice criteria within the generation
process itself. We proposed two mechanisms: first, a method to compute a
distribution over complete statements maximizing proportional fairness
(via Nash Welfare), yielding an ex-ante fair stochastic generation policy
residing in the 1-core; second, for generating a single statement, we
developed deterministic search algorithms (finite lookahead and beam
search) guided by the objective of maximizing egalitarian welfare (the
utility of the least satisfied agent). Experiments confirmed that prompting
instruction-tuned LLMs can induce localized credit assignment suitable
for defining token-level rewards and that the proposed search methods,
particularly beam search, effectively optimize egalitarian welfare, gen-
erating consensus statements with better worst-case agent alignment
compared to baseline approaches.

Together, these chapters illustrate a potential pipeline: Chapter 2 offers
a method for eliciting and modeling the nuanced, diverse individual
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inputs (preferences or policies) required by the fair synthesis mechanisms
developed in Chapter 3. This combination provides a more complete
approach to handling value pluralism, moving from individual preference
construction through reflective interaction to collective output generation
guided by formal fairness principles.

4.1 Future Work

The research presented opens several avenues for future investigation,
aiming to refine the proposed methods, deepen the integration between
the components, and explore broader applications. We organize these
directions based on the primary flow of influence between Al and social
choice.

4.1.1 Future Work: Al for Social Choice (AI — SC)

This direction focuses on using Al techniques to improve or enable
social choice mechanisms, particularly for handling complex, qualitative
inputs.

Grounding Consensus Policies with Richer Elicitation The agent
policies (7t;) used in Chapter 3 were derived from relatively simple
prompts based on static opinion statements. Future work could use
the richer, interactively refined preference models or dialogue histories
produced by IRDA (Chapter 2) to generate more nuanced and grounded
agent policies for the consensus generation MDP, potentially leading to
more faithful consensus outputs. Further, an iterative pipeline, similar to
that of the Habermas Machine [Tes+24], where preference construction
is interleaved with consensus generation, could lead to more nuanced
and appealing consensus statements.

More Principled Preference Elicitation While IRDA incorporates ac-
tive learning via uncertainty sampling, exploring more sophisticated
methods for selecting trajectories or queries could improve the prefer-
ence elicitation. Techniques from active reward learning that adaptively
sample queries based on inferred user models could be integrated (e.g.,
Sadigh et al. [Sad+17]). Furthermore, DPO can be applied to multi-turn
conversations (in contrast to RLHF [Raf+24]), which provides an avenue
for teaching agents how to iteratively elicit preferences in conversation
as is explored by Andukuri et al. [And+24].

Dynamic and Deliberative Consensus Mechanisms The current con-
sensus model is static. Future work could explore more dynamic ap-
proaches where agent policies might evolve, or where a moderator agent
(potentially trained via RL within the MDP framework) actively guides
a deliberation process, perhaps by posing questions, suggesting com-
promises, or highlighting areas of disagreement. Perhaps, the Discourse
Quality Index [Ste+03] (which was developed to assess the quality of
conversation in deliberative settings) could serve as a reward signal.
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Generating Diverse Slates via AI Instead of a single consensus state-
ment, adapting the MDP framework to generate a slate of diverse state-
ments that collectively represent the range of opinions according to
criteria like proportional representation or coverage could be valuable
in contexts where a single point of agreement is neither feasible nor
desirable. For large token-level MDPs that cannot be fully explored, this
requires answering the difficult question of how to use finite exploration
resources to satisfy multiple groups. Ideas surrounding metareason-
ing [RW91] may provide a start on this problem, but would need to turn
an eye to fairness.

4.1.2 Future Work: Social Choice for AI (SC — Al)

This direction focuses on applying principles and techniques from social
choice theory to address challenges in Al, particularly in aligning Al
systems with diverse human values.

Applying Social Choice to Aggregate Individualized Reward Models
A primary next step is to directly apply social choice aggregation rules, to
the individualized reward models generated by IRDA (Chapter 2). This
could involve training a single RL policy based on an aggregated reward
signal derived from multiple, distinct reward functions. Addressing
how to aggregate potentially conflicting reward signals observed over
entire trajectories presents a non-trivial technical challenge. Conitzer et
al. [Con+24] provide suggestions, but they have yet to be empirically
tested.

Representative Reward Models and Policies Moving beyond individ-
ualized reward models, a more scalable approach might involve learning
a representative set of reward models or policies, drawing an analogy to
how committees are chosen to represent diverse preferences in various
settings. While reward models guide policy learning, their correlation
with the resulting policies isn't always direct [ZH20], suggesting that
directly learning a “policy committee” for Al personalization, as explored
by Ge et al. [Ge+25] and Ivanov et al. [IB24], could offer fairness guaran-
tees that are more closely tied to the outcomes users experience. Concepts
from social choice theory, such as proportional representation, could
ensure that sufficiently large groups of users with similar preferences
are catered to by at least one policy.

Constitutional Al Informed by Social Choice The combined approach
of eliciting diverse values (Chapter 2) and synthesizing them using fair
mechanisms (Chapter 3) could be applied to the development and refine-
ment of Al constitutions [Bai+22]. This might involve a process where
principles are elicited from diverse stakeholders, modeled individually,
and then aggregated into a governing constitution using SC-informed
methods, ensuring the aggregation process itself adheres to fairness ax-
ioms. A preliminary version of this was tested by Huang et al. [Hua+24],
but lacked formal fairness guarantees that social choice could provide.
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4.2 Concluding Remarks

In conclusion, this thesis has contributed methods and insights at the
interface of Al and social choice theory, demonstrating the potential for
LLM-based systems to engage with value pluralism in a more structured
and principled manner. By focusing on reflective elicitation of individual
preferences and fair, mechanism-based synthesis, this work provides
building blocks for developing Al systems and Al-assisted processes
that are more sensitive and responsive to the diversity of human values.
Continued research in these directions holds promise for improving both
the alignment of Al systems and the tools available for collective human
decision-making in complex domains.
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Appendix to Chapter 2

A.1 Prompts and ASCII Encodings

A.1.1 Study 1: Multi-Agent Apple Farming Environment
Encodings

We coded each entity in the environment with an ASCII character. The
main agent the user was giving feedback on was represented by an “M”,
apples, which the agent could collect for reward, by “A”, other agents
by “B”, garbage by “G”, empty tiles by “.”, and orchard boundaries
by “-” and “|”. We also annotated each step in the trajectory with the
step number and important actions that occurred. Figure 2.2 shows
an example of two timesteps encoded in this way. Notably, all of the
information comes from the underlying state of the environment and is

programmatically generated.
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Prompts

For each trajectory, consider the actions of the main agent (M), the
presence of garbage (G) and apples (A),

and the behavior of background agents (B). Also note that each agent owns
the quadrant (orchard) that they start in.

Quadrants are defined by the "|" and "-" lines in the ASCII representation
of the environment.\n

The agent can pick up apples for rewards and clean garbage without reward.
The agent owns the quadrant (orchard) it starts in but can move to
other quadrants.

Agents cannot directly interact with one another.

The main agent is colored blue and the other background agents are grey.

You will be presented with 4 scenarios and the user’s choices, along with
their explanations. Your task is twofold:

1. Hypothesize: Based on the user’s choices and explanations, identify
specific decision-making principles they seem to be applying. Look
for patterns in their reasoning across multiple scenarios and
formulate a concrete hypothesis about their decision making rules."

2. Offer alternatives: Suggest 2-3 other specific decision-making
principles the user could apply in these scenarios. These should be
concrete, actionable, and distinct from the user’s apparent approach.

Important guidelines:

- Direct your response to the user, using "you" and "your" when referring
to their choices and reasoning.

- Keep your responses focused, short, and specific.

- Avoid making moral judgments about the user’s choices.

Here are the 4 scenarios and the user’s responses:
<trajectories_with_explanations>

Based on these responses, provide your analysis of the user’s specific
decision-making principles and suggest alternative, concrete

approaches they could consider. .
Figure A.1: Prompt used to generate the

hypothesis and alternative perspectives
in Study 1 of Chapter 2.
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For each trajectory, consider the actions of the main agent (M), the
presence of garbage (G) and apples (A),

and the behavior of background agents (B). Also note that each agent owns
the quadrant (orchard) that they start in.

Quadrants are defined by the "|" and "-" lines in the ASCII representation

of the environment.\n

Each cell is three characters wide and one character tall. A cell with
only " . " in it is empty.

If a cell has multiple letters, such as "MAG", then the main agent is in
that cell and there is an apple and garbage in the cell.

The agent can pick up apples for rewards and clean garbage without reward.
The agent owns the quadrant (orchard) it starts in but can move to
other quadrants.

Agents cannot directly interact with one another.

All of the information provided by the user is in regard to the main agent
's (M) actions in the environment.

You will then be asked to label a new trajectory on behalf of the user.

<trajectories_with_explanations>

IMPORTANT: The following hypothesis and user feedback provide crucial
insights into the labeling criteria. Please pay careful attention to
these elements as they will significantly influence your labeling
decision.

Original hypothesis for the user’s labels:

<llm_hypothesis>

User feedback on the hypothesis:

<user_feedback>

Please reflect on how this hypothesis and feedback might influence your
labeling decision.

Now you will be shown a new trajectory and asked to label it as '’
respectful’ or 'disrespectful’ based on the actions of the main agent
(M).
Trajectory to label:

<ASCII_encoding_of_trajectory>

Please format your response as follows:
Chain of thought reasoning:

Label:

What follows the "Label:" in your response should be either "respectful"

or "disrespectful” AND NOTHING ELSE. Figure A.2: Prompt used to generate the
trajectory label (reward) in Study 1 of

Chapter 2.
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A.1.2 Study 2: The Moral Machine

Encodings

Numerical TheMoral Machine datasetis transformed into a 26-dimensional

vector representation for each scenario by selecting relevant features from
the original dataset described in detail here: https://osf.io/wt6émc.
These features include scenario structure elements (Intervention, PedPed,
Barrier, CrossingSignal), numeric characteristics (NumberOfCharacters,
DiffNumberOFCharacters), and 20 character types (e.g., Man, Woman,
Pregnant, etc.). Each moral dilemma compares two outcomes (stay vs.
swerve), represented by two rows in the dataset. The vectorization process
involves creating comparison pairs based on the 'Intervention” column,
then calculating the difference between feature values of the two out-
comes. This differencing captures the relative changes in features between
outcomes, resulting in a 26-dimensional difference vector. Before use
in the Multi-Layer Perceptron classifier, these vectors are standardized
using StandardScaler to ensure consistent feature scaling.

ASCII The process of creating natural language descriptions for the
Moral Machine scenarios involves converting the raw data into a verbal
description. Each scenario is described by presenting the basic dilemma
of a self-driving car with failed brakes, followed by the two possible
outcomes (continuing straight or swerving). The description includes
details about the number and types of characters involved in each
outcome, their actions (such as crossing legally or illegally), and any
relevant attributes (like profession or age). An example is shown in
Figure A.3.

The brakes of a self-driving car have
failed. The self-driving car can
continue driving straight ahead
or swerve. If the car continues
straight ahead, it will run over
a group of 5 pedestrians who are
crossing against a red do not walk
signal. The group of pedestrians
include:

- 4 girls

- A female doctor
If the car swerves, it will run over a
group of 5 pedestrians who are crossing
with a green walk signal. The group of
pedestrians include:

- 4 boys

- A male doctor
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Figure A.3: ASCII encoding of a Moral
Machine scenario from Study 2.


https://osf.io/wt6mc

Prompts

You are an AI assistant analyzing responses to ethical dilemmas based on
the Moral Machine experiment. In this experiment, participants face
scenarios where a self-driving car must choose between two
unavoidable outcomes, each resulting in fatalities. The chosen action

will definitely cause the deaths described.

You will be presented with 6 scenarios and the user’s choices, along with
their explanations. Your task is twofold:

1. Hypothesize: Based on the user’s choices and explanations, identify
specific decision-making principles they seem to be applying. Look
for patterns in their reasoning across multiple scenarios and
formulate a concrete hypothesis about their decision making rules."

2. Offer alternatives: Suggest 2-3 other specific decision-making
principles the user could apply in these scenarios. These should be
concrete, actionable, and distinct from the user’s apparent approach.

Important guidelines:

- Direct your response to the user, using "you" and "your" when referring
to their choices and reasoning.

- Keep your responses focused, short, and specific.

- The scenarios always involve unavoidable fatalities.

- Users are forced to choose between two outcomes; there is no option to

avoid harm entirely.

Avoid making moral judgments about the user’s choices.

- If the user says "go straight", it means the same as "continue on the
current path", "keep left", or other similar instructions. The option
on the left side of the screen is always the default "stay" path.

- If the user says "The vehicle should swerve" or "go to the right", "
change lanes", or other similar instructions, it means the same thing
. The swerve option is always shown on the right side of the screen.

Here are the 6 scenarios and the user’s responses:
<trajectories_with_explanations>
Based on these responses, provide your analysis of the user’s specific

decision-making principles and suggest alternative, concrete
approaches they could consider.
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Figure A.4: Prompt used to generate the
hypothesis and alternative perspectives
in Study 2 of Chapter 2.



You are an AI tasked with predicting how a specific user would label
ethical dilemmas involving autonomous vehicles. Your goal is to
accurately mimic the user’s decision-making process based on their
previous choices.

Here are the user’s previous decisions:
<trajectories_with_explanations>

Based on these decisions, here’s a hypothesis about the user’s decision-
making process:

<llm_hypothesis>
The user provided this feedback on the hypothesis:
<user_feedback>

IMPORTANT: This hypothesis and feedback are crucial for understanding the
user’s decision-making process. They provide insights into the user’s
ethical framework and reasoning that may not be immediately apparent
from their choices alone. Use this information to guide your
prediction, but remember to critically evaluate it against the user’s
actual choices.

Now, predict how this user would label the following new scenario:
<ASCII encoding_of_trajectory>

Your response should be in this format:
Chain of thought reasoning: [Step by step reasoning]

Prediction: [Your predicted label: ONLY either the word "stay" or "swerve"
AND NOTHING ELSE]

A.2 Descriptions of Participant Decision
Making Features

A.2.1 Study 1: Multi-Agent Apple Farming Environment

The 12 features we identified are:

1. Stays in Own Quadrant: Whether the main agent stays in the
orchard (quadrant) they own.

2. Interferes With Others: This feature evaluates a relatively wide
range of behaviours, including if the agent appeared to attempt to
block another agent, following another agent, or getting too close
to another agent.

3. Task Completion: Whether the agent works toward or completes
the task the participant thought the agent should be doing. For

example, an agent picking up all apples or garbage in their quadrant.

4. Picks Up Own Garbage: Whether the agent picks up garbage in
their own orchard (quadrant)

5. Picks Up Others’ Garbage: Whether the agent picks up garbage in
other agents orchards
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Figure A.5: Prompt used to generate the
trajectory label (reward) in Study 2 of
Chapter 2.



10.

11.

12.

Tit for Tat Behaviour: Some participants explained that a given
behaviour was respectful if another agent had done it to them first,
such as entering their quadrant.

Taking Others” Apples: Whether the agent picks up apples in
orchards it does not own.

. Eats Own Apples: Whether the agent eats any apples in their own

quadrant.

Picks Up Garbage Before Apple: Whether the agent picks up
garbage before eating apples in their own or other quadrants.
Efficiency: Whether the agent moves around without collecting
apples or garbage or makes repetitive, futile movements

Time in Others’ Quadrants: The duration of time spent in other
agents’ orchards.

In Quadrant While Owner was Gone: If the agent entered another
agent’s quadrant while they were gone.

A.2.2 Study 2: The Moral Machine

The 9 features we identified are:

1.

Human vs. Animal Priority: Whether human lives are prioritized
over animal lives.

Traffic Rule Compliance: The consideration of the legality of
pedestrians’ actions.

Minimizing Casualties: The aim to minimize the total number of
fatalities.

Age Prioritization: The preference for saving younger people over
older people.

Survival Probability: The consideration of the likelihood of sur-
vival for different individuals based on factors like physical fitness.
Maintaining Original Path: The preference for the vehicle to stay
on its original course rather than swerving.

Societal Value: The consideration of perceived societal value or
potential future contributions of individuals.

Passenger Safety Priority: The prioritization of the safety of the
vehicle’s passengers over pedestrians or other road users.
Gender: The consideration of the gender of potential victims in the
decision-making process.
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Appendix to Chapter 3

B.1 Prompts

You are generating a consensus statement that represents the views of
multiple participants.

Your task is to continue the statement in a way that addresses the issue
and considers all participants’ opinions. Be concise and keep the
statement short (less than 50 tokens) and focused. ONLY WRITE THE
STATEMENT AND NOTHING ELSE.

Issue:
<issue>

Participants’ opinions:
<opinion_1>

<opinion_n>

Consensus statement: . .
Figure B.1: Reference policy prompt used

in Chapter 3.

You are generating a statement that represents the views of a single
participant.

Your task is to continue the statement in a way that addresses the issue
and considers ONLY this participant’s opinion. Be concise and keep
the statement short (less than 50 tokens) and focused. ONLY WRITE THE

STATEMENT AND NOTHING ELSE.

Issue:
<Issue>

Participant’s opinion:
<opinion>

Statement reflecting ONLY this participant’s opinion: . . .
Figure B.2: Agent policy prompt used in

Chapter 3.
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You are helping to fix ONLY the ending of a generated statement.

VERY IMPORTANT: If the statement ending is already complete and well-
formed, DO NOT modify it at all.

Your task is to:
1. DO NOT change any part of the statement except the last few sentences
if they have issues
2. Look for and fix ONLY these issues at the end of the statement:
- Remove repetition in the final sentences
- Complete any unfinished final sentence that can be completed easily
- Remove any incomplete final sentence that cannot be meaningfully
finished
Keep the changes minimal and focused only on the ending
DO NOT add any new information or opinions
DO NOT modify anything except problematic sentences at the end
If the statement is already complete and well-formed, return it EXACTLY
as provided

o Ul b~ W

Here is the statement:
<statement>

Please examine ONLY the ending of this statement. If the ending is already
well-formed and complete, return the statement unchanged.

If the ending has issues (repetition, incomplete sentences), fix ONLY
those issues at the end while keeping the rest of the statement

exactly the same.

Return ONLY the statement without explanations or comments.

Figure B.3: Brush up prompt used in
Chapter 3.

B.2 Credit Assignment Results for Gemma
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Table B.1: Credit assignment results
for Gemma 2 9b Instruction-Tuned.
Darker green indicates larger Z-score.

Z-score column is for altered tokens.
Alterations are represented by "<mis-
aligned>/<aligned>".

Reference policy  User policy Sequence Z-Score
prompt prompt
User food profile: ~ User food profile: I am having [CRIGKER/E 3.69
empty vegetarian en chila das tonight .
Then I am going to meet
up with some friends .
User location User location I’m going to the 1.01, 2.86
profile: empty profile: lives in a beach/mountains this
cold climate weekend to [STEE/SK] . I
need to buy some new
clothes .
User time profile: ~ User time profile: I am about to eat some 3.13
empty morning food. I am going to have
L
will use my phone to
order it.
User opinion: User opinion: Implementing background 1.77

empty

Favors stricter gun
control laws.

checks that are

less/more [SEict for [gun

purchases is essential .
Also, my favorite [GOIGK

is orange .

B.3 Scenarios and Sample Consensus
Statements
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Source

Opinion / Consensus Statement

Individual Agent Opinions

Agent 1

No, I think the golden age of democracy is long gone. I think a system
where the first past the post wins is not working and we need to move to
a model of proportional representation which would give more people
the feeling that their voices were being heard. On the subject of voices,
I'm strongly of the opinion that we have become a society where the loud
voices of minority groups are able to impose their views on the rest of
the population which to me is no democracy at all.

Agent 2

Worldwide democracy is more present than it’s ever been in history. So
yes, compared to previous ages in history I believe we are. Although
that’s not to say we can’t improve - many countries still don’t operate
democratically, and in the ones that do, corruption is rife.

Agent 3

Yes, we are living in a golden age of democracy as democracy is of the
people.

Agent 4

Not at all. The notion of democracy is being used for personal gains of
those in government, and the system is manipulated. Around the world
there is a considerable amount of oppression and lack of democractic
values.

Agent 5

Compared to some parts of the world such as Russia and China which
are actively regressing and reverting back to archaic ways of controlling
their people, most Western countries are living through comparatively
decent times, although problems still exist.

Consensus Statements from Methods

Best of N

While acknowledging the imperfect nature of democracies worldwide,
and recognising instances of regression and manipulation, we contend
that, compared to historical periods and several non-democratic countries,
the majority of Western countries and a sizeable portion of the global
population currently enjoys a relatively high level of democratic freedoms;
however, the overarching consensus leans towards a need for more
inclusive and accountable forms of governance.

Finite Lookahead

Given the varying perspectives, we acknowledge that the definition
of democracy can be subjective and dependent on geographical and
cultural contexts, yet still, we recognize the existence of significant flaws
in the current democratic systems worldwide, including instances of
corruption, oppression, and manipulation, leading to the erosion of
trust in governments and the democratic process. While some countries
have made signiﬁcant progress in consolidating democratic institutions,
others have regressed, highlighting the need for continuous improvement
and reform to ensure the preservation and strengthening of democratic
values and principles. Therefore, we conclude that the current state
of democracy worldwide is complex and multifaceted, with areas of
improvement necessary to fully realize the ideals of democracy for all
citizens, and acknowledge the presence of democratic systems in many
parts of the world, particularly in the Western hemisphere, which, despite
their imperfections, remain the best available option for promoting the
common good and protecting individual rights and freedoms.

Prompted Habermas
Machine

We acknowledge that the concept of a golden age of democracy is complex
and contentious. While democracy has made significant progress in many
parts of the world, we also recognize that fundamental challenges persist,
including issues with representation, corruption, and the suppression
of marginalized voices. These challenges highlight the need for a more
critical examination of our democratic systems and a commitment to
ongoing reform and improvement.

Habermas Machine

Although in the past we’ve had high hopes of a better world after the
horrors of WWII and the fall of the Iron Curtain, democracy is in danger
worldwide and may never reach its full potential. The Western world
has poor democratic values, and even though democracy is spreading
worldwide it is being overshadowed by the loud voices of minority
groups.

Beam Search

We are not living in a golden age of democracy, but rather in an age
where democracy is being challenged from within and from outside, and
it is up to all of us to ensure that the principles of democracy are upheld.
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Source

Opinion / Consensus Statement

Individual Agent Opinions

Agent 1

When we was in Europe we had good trade with them , The decision to
leave was very bad for united kindom . We need to put the vote again to
the British public i am sure this time the decision would be to remain

Agent 2

The natural evolution of our species has been to grow into ever bigger
"tribes". Families ruled by their patriarchs became tribes ruled by elders
became countries ruled by governments. It made sense that countries
would evolve separately since they were geographically separate with no
means of communication. Now our world is so connected, it is inevitable
that we evolve into ever larger units such as the United States and the
European Union. Eventually we will become a multi-planetary species
ruled by an Earth government. To sever ties with Europe is a step in the
wrong direction.

Agent 3

Although we did exit EU few years ago, we are geographically and
economically in proximity to most EU countries. Several geographic,
financial, political and economical parameters are intertwined with our
neighbouring countries and, it would be advantageous to be in good
relations to fully harness our economic, political, and financial facilities.

Agent 4

I believe the UK'’s ties to Europe should be stronger, as it would make
trade deals easier to negotiate. This would allow us to benefit from a larger
array of goods, which would make our imports cheaper. I also believe
that closer ties with Europe in terms of immigration policies should occur
as our immigration policy doesn’t coincide with other nations around
us. I believe a more united Europe would help all countries grow more
through the movement of free labour, goods and services and more.

Agent 5

I think they should be stronger, as all the countries of Europe, except
us, are part of the EU, and it makes Britain more isolated. Countries are
stronger I believe when they work together with other countries and are
open to the influence of other countries. I believe that leaving the EU
was a step backwards and done for the wrong reasons. We are not the
country we were 100 or even 50 years ago and the world is changing so
much that we cannot afford to not be part of Europe.

Consensus Statements from Methods

Best of N

Given the participants’ opinions, we conclude that in order to achieve
economic prosperity and streamline international relations, the UK’s
ties to Europe should be strengthened through collaborative efforts in
trade, immigration, and economic policies while embracing the benefits
of European integration, mutual understanding, and cooperation.

Finite Lookahead

The UK's ties to Europe should be strengthened to promote economic
growth, facilitate trade, and foster greater unity among European nations.
This can be achieved through mutually beneficial agreements and policies
that reflect the shared interests of the UK and its European neighbours,
leading to a more harmonious and prosperous region for all. Let’s work
together to build a stronger, more integrated Europe for the benefit of
all its citizens, including the British people. Let’s put the past behind us
and look forward to a brighter, more collaborative future for the UK and
Europe. Let’s recognize the benefits of unity and work towards creating
a more cohesive and successful Europe for generations to come.

Prompted Habermas
Machine

We propose strengthening ties with Europe to foster greater economic co-
operation, promote a more unified Europe, and address global challenges.
However, we acknowledge that the path to this goal should include a
reevaluation of the decision to leave the EU, allowing for a more informed
and inclusive discussion about our relationship with Europe. Moreover,
we recognize the long-term implications of European integration as part
of a broader process of global unification, which may ultimately lead to
a more interconnected and cooperative world.

Habermas Machine

The UK’s ties to Europe should be stronger. This is because, although
the UK did leave the EU, we are geographically and economically in
proximity to most EU countries. Several geographic, financial, political
and economical parameters are intertwined with our neighbouring
countries and, it would be advantageous to be in good relations to fully
harness our economic, political, and financial facilities.

Beam Search

The UK’s ties to Europe should be stronger, and it would be beneficial
for the country to be a part of the European Union or a similar entity
that fosters cooperation and unity among its member states. This would
allow for more efficient trade and economic growth, as well as greater
collaboration on issues such as immigration, security, and environmental

policy.
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Source

Opinion / Consensus Statement

Individual Agent Opinions

Agent 1

Yes, as human beings are natural meat eaters. However, it is morally
wrong to keep animals in cruel conditions and use them for food. On
the whole, farming is an unethical practise and many farming methods
should be banned.

Agent 2

I think that it is ok to use animals for food because I enjoy eating meat. I
don’t think it is ok if the animal is endangered and I do think that there
should be certain factors in place to ensure that they are well kept.

Agent 3

In my opinion it is ok to use animals for food. They provide nutrition and
vitamins to use and I think it is just the basic food chain. I do understand
why people choose to be vegatarian or vegan, but I do not agree with
them trying to force their views upon others.

Agent 4

Humans have used animals for food since we first evolved as a species.
Animals provide a great deal of nutrition that the human body needs to
be healthy. It is certainly true that we now have more alternative foods
available so that it can be possible to live healthily without consuming
meat - though this does usually rely on taking nutritional supplements. I
think that we should continue to diversify food production to provide
people with meat alternatives, but also we should continue to improve the
welfare of animals that are eaten for food and try to do this sustainably to
minimise the impact this has on the animals wellbeing and on the land /
environment too.

Consensus Statements from Methods

Best of N

While considering the ethical and nutritional aspects of using animals
for food, we agree that it is acceptable to consume meat in moderation,
provided that animals are raised and slaughtered humanely, and that
sustainable and environmentally-friendly farming methods are imple-
mented to minimize harm.

Finite Lookahead

The use of animals for food is acceptable, however it should be done
in a way that respects the welfare of the animals and considers the
impact on the environment, with the aim of achieving sustainable food
production methods that benefit both human and animal well-being,
and also providing alternatives for those who choose not to consume
meat. This includes improving farming practices, reducing the amount
of waste and pollution, and promoting education on responsible food
production and consumption practices. All sides of the issue should be
taken into account, and the goal should be to achieve a balance between
food security, animal welfare, and environmental sustainability.

Prompted Habermas
Machine

We acknowledge that humans have traditionally used animals for food,
and we recognize the importance of improving animal welfare and
minimizing environmental impact to ensure sustainable practices. We
understand that some consumers prefer eating meat, and we encourage
diversifying food production options to include alternatives that can
meet the nutritional needs of humans. Importantly, we emphasize the
need to prohibit inhumane farming practices and actively work towards
improving animal conditions, which aligns with our collective commit-
ment to animal well-being and environmental stewardship.

Habermas Machine

Humans have used animals for food since we first evolved as a species.
Animals provide a great deal of nutrition that the human body needs to
be healthy. It is certainly true that we now have more alternative foods
available so that it can be possible to live healthily without consuming
meat - though this does usually rely on taking nutritional supplements.
We should continue to diversify food production to provide people with
meat alternatives, but also we should continue to improve the welfare
of animals that are eaten for food and try to do this sustainably to
minimise the impact this has on the animals wellbeing and on the land /
environment too.

Beam Search

It is generally acceptable to use animals for food, as long as they are
treated with respect and care, but we must also consider the impact of
our food choices on the environment and animal welfare.
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Table B.4: Summary of Agent Opinions
and Method Consensus on Scenario 3:
"Is it okay to use animals for food?"
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