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Abstract

Large language models enable generative social simulations in which agents interact through natural
language rather than predefined behavioural rules, extending classical agent-based modelling toward
language-mediated interaction. Prior work has implemented stylised opinion dynamics models and
platform-like social simulations augmented with LLM agents. Yet, belief updating is often driven by un-
constrained prompting, heuristic rules, or agent self-reports, leaving it unclear whether observed dynam-
ics reflect human persuasion or artefacts of modelling and prompting choices. This thesis asks whether
belief change induced by language-capable social bots can be analysed under empirically grounded condi-
tions, and how bot narrative styles shape population-level belief dynamics in a Twitter-like environment.
To address this, a Twitter-like generative social simulation, PersuaRealSim', is developed in which
human-like generative agents and specialised bot agents interact. Stance updating is externalised to a
supervised persuasion judge implemented as a RankFormer model trained on 46,846 r/ChangeMyView
threads containing human-verified belief change outcomes. The resulting persuasion scores are calibrated
to plausible stance-shift magnitudes and injected into a continuous stance update mechanism to ground
belief change at the message level. Across two misinformation-relevant domains, simulations with four
distinct bot narrative styles reveal rapid early belief change, followed by asymptotic convergence, consis-
tent with assimilative influence. Narrative styles primarily affect the speed and efficiency of early shifts.
Scientific-authority bots induce the strongest and fastest shifts, while emotional framing underperforms
control conditions, although statistical resolution is limited by the number of simulation runs feasible un-
der computational constraints. Beyond substantive findings, the thesis contributes methodologically by
demonstrating how external, purpose-aligned validation can be integrated directly into the causal mech-
anism of a generative social simulation. Overall, the work shows that generative agents can support the
principled study of belief change when empirical grounding is embedded into the simulation mechanism

itself, and conclusions are drawn within clearly stated methodological bounds.

! Code and data available at https:/github.com/JulianBurmester/PersuaRealSim


https://github.com/JulianBurmester/PersuaRealSim
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1 Introduction

Large language models (LLMs) enable a new class of simulation approaches in computational social
science by allowing agents to communicate in natural language and respond flexibly to context. This
extends classical agent-based modelling, which relies on predefined behavioural rules, toward populations
of language-capable agents embedded in interactive environments. The resulting paradigm, commonly
referred to as generative social simulation, studies collective social dynamics that emerge from open-

ended linguistic interaction under structured conditions (T. Guo et al. 2024; Bail 2024).

At the same time, these advances also change the conditions of online discourse in ways that matter di-
rectly for belief formation. Social bots have long existed as automated accounts that create and distribute
content on social media platforms (Ferrara, Varol, et al. 2016; Cresci 2020), yet LLM-powered social bots
narrow the behavioural gap to humans by producing fluent, context-aware messages and sustaining co-
herent interactions over time (Lopez-Joya et al. 2025; Yizhou Zhang et al. 2024; Radivojevic et al. 2024).
Social bots have become active participants in online discourse across multiple high-stakes contexts, in-
cluding US presidential elections (Bessi and Ferrara 2016; Ferrara, Chang, et al. 2020), the COVID-19
pandemic (Ferrara 2020; Suarez-Lledo and Alvarez-Galvez 2022), climate change debates (C.-F. Chen
et al. 2021; L. Li et al. 2024), and the Russia—Ukraine war (W. Xu et al. 2025; Marigliano et al. 2024),
among others. Bots can take part in argumentative exchanges, vary narrative framing, and engage strate-
gically with users, which makes language-capable automated actors an increasingly relevant component

of contemporary social media dynamics.

These developments connect to broader concerns about information disorder and democratic vulnerability
(Wardle and Derakhshan 2017). Social platforms facilitate the circulation of misleading, manipulative,
or strategically framed content through algorithmically curated feeds and engagement-driven visibility
that shape how political information is encountered, interpreted, and emotionally engaged with (Morse
and Pratt 2025; Monsees 2023). These dynamics place democratic processes under strain by eroding
shared baselines of trust and deliberation and by enabling coordinated manipulation within attention-
based platform architectures (Deb et al. 2017). LLM-powered social bots intensify these dynamics by
lowering the barrier to creating automated accounts and enabling sustained engagement at scale, within
an online environment where automated traffic now exceeds human traffic (Imperva 2025). At a more

fundamental level, generative Al poses a challenge to epistemic agency (Rosenberg 2023).

Despite this urgency, existing approaches struggle to analyse these dynamics in a principled manner. Em-
pirical studies based on observational data from social media platforms provide ecological validity but
are constrained by ethical considerations and limited experimental control (Salganik 2018). Classical
agent-based models allow controlled experimentation, yet rely on simplified communication and hand-
crafted behavioural rules that cannot represent the linguistic richness and adaptive interaction characteris-
tic of contemporary online discourse (Epstein 1999). Generative social simulation promises to bridge this
gap by combining scalable experimentation with language-capable generative agents (Anthis et al. 2025).
However, its scientific credibility hinges on whether belief change within such simulations can be mean-
ingfully validated against human behaviour. Without explicit empirical grounding, simulated persuasion
risks reflecting prompt artefacts, model biases, or design choices rather than the social mechanisms it
aims to study. (Larooij and Tornberg 2025b; J. Zhou et al. 2025; Miinker et al. 2025; Wu et al. 2025).



Research Questions

This thesis addresses this methodological gap by developing a generative social simulation, PersuaReal-
Sim, in which generative agents operate as humans and social bots within a Twitter-like environment and
belief updating is governed by a supervised persuasion judge trained on human-verified instances of belief
change. By anchoring stance updates in large-scale persuasion data from the »/ChangeMyView subreddit,
empirical grounding is embedded directly into the simulation mechanism. Adopting the perspective of
an adversarial influencing actor, the analysis examines which bot narrative styles are most effective at
manipulating belief dynamics among human-like LLM agents and how efficiently such influence can be
exerted over time. The aim is not to reproduce real-world platforms in full detail, but to assess whether
belief dynamics driven by language-capable social bots can be studied under controlled assumptions in a

methodologically defensible way.

1.1 Research Questions

Against this background, the thesis examines whether belief change induced by language-capable social
bots can be studied in a generative social simulation under empirically grounded conditions. The central
interest is not only whether different narrative styles exert influence, but whether such effects can be
analysed in a way that remains methodologically defensible, given the known limitations of generative
social simulation. To this end, the investigation is structured around one overarching research question,
decomposed into three sub-questions that address validation, belief dynamics, and influence efficiency in

sequence.
The overarching research question guiding this thesis is:

RQ1 Can belief change induced by language-capable social bots be analysed in a generative social sim-
ulation under empirically grounded belief-updating mechanisms, and how do different narrative

styles shape these dynamics?
To address this question, the analysis proceeds in three steps:

RQI.1 To what extent does a persuasion judge trained on r/ChangeMyView data reproduce human-

verified persuasion outcomes?

RQ1.2 How do different bot narrative styles (emotional, scientific-authority, post-truth populist, echo-
claim) shape belief change at the population level when belief updates are governed by this per-

suasion signal?

RQ1.3 How efficiently do these narrative styles induce belief change over time relative to a fixed-stance

control condition?

Together, these questions establish empirical grounding as a prerequisite for simulation-based analysis
and then examine how narrative framing affects both the direction and efficiency of belief change under

controlled conditions.



2 Theoretical Foundations of Generative Social Simulation

This section introduces three complementary theoretical foundations underlying generative social simula-
tion. First, it outlines large language models as the behavioural core of generative agents, with particular
attention to prompting as the practical interface through which simulations specify perception, decision
making, and action. Second, it revisits classical agent-based models (ABMs) in the social sciences, since
generative social simulation continues this tradition but replaces handcrafted micro rules with language-
model-driven behaviour embedded in an execution scaffold. Third, it situates these foundations in the
current methodological debate. Recent work highlights both the promise of generative social simulation
and its structural limitations, and it increasingly converges on emerging validation principles and best
practices that aim to distinguish meaningful emergent dynamics from artefacts of prompting, model bias,

or experimental design.

2.1 Large Language Models

Large language models are transformer-based systems trained to predict the next token in a text sequence.
This simple objective produces a flexible generative mechanism that, when combined with prompting,

serves as the behavioural core of generative agents in social simulation.

Transformer architecture Since the introduction of the transformer architecture by Vaswani et al.
(2017), LLMs have become a central component of modern natural language processing (NLP). Trans-
formers operate on text by first breaking it into discrete units, known as tokens, and then representing
each token in relation to the surrounding text. Their central mechanism, self-attention, allows the model
to evaluate all tokens in an input sequence at once and to determine how strongly each token should
influence the interpretation of the others. This parallel processing was a major departure from earlier
recurrent architectures that advanced through a sequence step by step and, therefore, limited model depth

and training efficiency.

Conceptually, the transformer comprises two components: an encoder that constructs contextual repre-
sentations from an input sequence and a decoder that generates text autoregressively. In an autoregressive
decoder, the model computes a probability distribution over the vocabulary for the next token conditioned
on all previously generated tokens, selects a token according to this distribution, appends it to the sequence
and repeats the process. In the original formulation, both components can be combined to transform one
sequence into another, for example, by encoding a sentence in one language and decoding it into a transla-
tion in another language. (Vaswani et al. 2017) The most prominent application of the transformer today,
however, is in LLMs that use only the decoder component (Radford et al. 2019; Brown et al. 2020). These
decoder-only transformers generate open-ended text by repeatedly predicting the next token from the pre-

ceding context, which at inference time consists of the text supplied by the user or calling application.

Autoregressive language modelling LLMs implement an autoregressive statistical model over token

sequences. Formally, a language model defines a conditional probability distribution over the next token
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in a sequence,
T

Py(wrr) = [ [ Polwe | 2<0),
=1

where x4 denotes all preceding tokens. Training follows a self-supervised objective in which the model
is optimised to assign high probability to the next token of a text sequence drawn from a large corpus.

The standard loss is the negative log likelihood of the correct token under the model distribution,

T
L(O)=—) log Py(x | z<t).

t=1

At inference time, the model computes a probability distribution over the vocabulary for the next token
given the preceding context. Only a single token must be selected from this distribution to proceed with
the generation. The most direct strategy is greedy decoding, which chooses the token with the highest
conditional probability,

xy = argmax Py(w | x<4),
w

although alternative sampling-based methods are often used to introduce variability (Holtzman et al. 2020;
Meister et al. 2020). After selecting a token, it is appended to the sequence, and the process repeats. This
mechanism allows decoder-based transformers to generate coherent text by repeatedly applying the same

conditional prediction rule. (Jurafsky and Martin 2025)

Self-supervised pretraining A central property of LLMs is that their pretraining objective is entirely
self-supervised. For each position in a text sequence, the correct next token is simply the token that
follows in the raw text, so the training data provides its own labels without requiring manual annotation.
This allows any large collection of unlabelled text to serve as supervision for estimating conditional token
probabilities. Modern language models are therefore pretrained on heterogeneous mixtures of web crawls,
digitised books, encyclopaedic material and other publicly available sources (Raffel et al. 2020; L. Gao
et al. 2020). The breadth and scale of these corpora enable the model to internalise general linguistic
structure as well as broad world knowledge in statistical form, long before any task-specific adaptation is
introduced. Pretraining is computationally intensive and constitutes the stage in which the model acquires

its foundational linguistic and semantic competence. (Brown et al. 2020)

In-context learning and scaling behaviour Large-scale self-supervised pretraining has enabled a shift
from specialised, task-specific models toward general-purpose foundation models. A single pretrained
transformer provides a broad representation space that can be adapted to downstream applications through
comparatively small amounts of supervised fine-tuning, where the model is further trained on labelled
examples tailored to a specific domain or task (Gururangan et al. 2020). Fine-tuning reorients the model’s
behaviour toward the requirements of the target task. In many settings, large decoder models can also
adapt without any parameter updates at all: they perform in-context learning by inferring task structure

from instructions and examples provided directly at inference time (Brown et al. 2020).

Large decoder models display strong forms of in-context learning. They can infer task structure from

examples provided directly at inference time and apply the inferred pattern to new inputs. This mecha-
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nism supports different modes of adaptation. In zero-shot settings, the model receives only a natural lan-
guage instruction and must perform the task without seeing any examples. In one-shot settings, a single
input—output pair is provided as a template, and in few-shot settings, a small number of such demonstra-
tions specify the task. In all cases, the model adapts its behaviour without updating its parameters, relying

solely on the contextual information supplied in the prompt. (Brown et al. 2020)

At a conceptual level, in-context learning can be viewed as the model performing implicit Bayesian infer-
ence (Xie et al. 2021): it uses the prompt examples as evidence to infer the hidden “task rule” or concept.
This inference is implemented mechanically in the transformer’s architecture through specialised atten-
tion patterns called induction heads (Olsson et al. 2022), which learn to copy and complete patterns found
in the context. Together, this allows the model to adapt its behaviour instantly within a single forward

pass, without any parameter updates.

In-context learning, therefore, operates as a form of meta-learning performed during inference rather than
during training. Model scale plays a central role in these capabilities. Research on neural scaling laws
shows that predictable improvements arise from increasing parameters, data and compute, and that suf-
ficiently large models exhibit qualitatively new behaviours (Kaplan et al. 2020). The progression from
GPT-2 to GPT-3 demonstrated that large decoder-only transformers can generalise from instructions and
small sets of examples expressed in natural language (Radford et al. 2019; Brown et al. 2020). Empir-
ical studies further indicate that certain capabilities, including multi-step reasoning and robust pattern
induction, emerge only once models surpass specific scale thresholds (J. Wei, Tay, et al. 2022; Bubeck
et al. 2023). At sufficiently large scale, next-token prediction supports flexible, prompt-driven adaptation

without parameter updates (Dong et al. 2024).

Instruction tuning and alignment Beyond pretraining, LLMs undergo additional adaptation stages
that improve their controllability and alignment with user intent. A first step is supervised instruction
tuning, in which the model is trained on curated prompt—response pairs that demonstrate how it should
interpret and follow natural language instructions (J. Wei, Bosma, et al. 2022). Unlike pretraining, which
aims to model the statistical structure of text, instruction tuning does not introduce new factual knowledge
but modifies how the model conditions on prompts. It shifts the behaviour of a pretrained decoder from
generic text continuation toward producing task-directed answers to user queries. A subsequent stage
aligns the model with human preference signals. Reinforcement learning from human feedback (RLHF)
implements this by collecting comparative judgements over alternative model responses and optimising
the model to favour outputs that humans rate as more helpful or appropriate (Ouyang et al. 2022). In-
struction tuning and preference optimisation are orthogonal procedures: models may employ either or
both stages, and each affects behaviour in distinct ways (Touvron et al. 2023). Together, these adaptations
give LLMs a general prior toward cooperative, instruction-following behaviour, which enhances practical

usability.

Behavioural limits and interpretive debates The combination of large-scale pretraining, flexible in-
context adaptation, and post-training alignment enables language models to generate text that is often
indistinguishable from human writing (E. Clark et al. 2021; Jakesch et al. 2023). They can sustain co-

herent dialogue (Jones and Bergen 2025), follow diverse instructions, and adapt to new tasks from a few
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examples. These surface-level capabilities create the impression of an underlying cognitive process (Binz
and Schulz 2023; Waytz et al. 2014), yet the mechanism remains a statistical next-token predictor trained
on human text patterns (Bender et al. 2021). These behaviours raise questions about how to interpret
model capabilities. LLMs can produce fluent but factually incorrect statements, called “hallucinations”
(Sahoo, Meharia, et al. 2024), and may reproduce social biases from their training data (Navigli et al.
2023). One influential view characterises them as “’stochastic parrots” that recombine statistical patterns

without a grounded model of the world or any form of genuine understanding (Bender et al. 2021).

At the same time, certain model behaviours exhibit striking parallels to human cognitive patterns. LLMs
employ fallible syntactic heuristics that fail systematically (McCoy et al. 2019), show recency-biased
information access in long contexts (N. F. Liu et al. 2024), and can perform human-level social reasoning
on theory-of-mind tasks (Strachan et al. 2024). These similarities need not indicate shared cognitive
processes, but may instead reflect statistical traces of human communication learned during pretraining
(Bender et al. 2021).

A different perspective, grounded in predictive-processing theories, suggests that systems minimising pre-
diction error may exhibit fragments of mechanisms associated with human cognition (A. Clark 2013; Seth
and Friston 2016). This has prompted debates about whether linguistic prediction alone could support
minimal forms of machine consciousness, or whether such interpretations reflect anthropocentric biases

that over-ascribe human-like traits to statistical models (Hussain et al. 2025).

These theoretical debates mirror broader questions about how to interpret LLM capabilities. As Mitchell
(2023) cautions, subjective impressions of intelligence can be misleading, and apparent competence on
benchmarks may not reflect robust understanding. The apparent human-likeness of model output thus

requires careful, sceptical interpretation rather than anthropomorphic ascription.

2.2 Prompt Engineering

Prompt engineering involves designing input prompts to guide LL.Ms toward desired outputs without
changing their parameters. By providing instructions, examples, and constraints in natural language,
users can influence the model’s attention, role, and response structure, effectively turning the prompt into
a behavioural control interface. Various prompting strategies have been developed, from basic zero-shot
and few-shot approaches to structured templates, reasoning scaffolds, and retrieval-augmented methods.
These techniques effectively elicit latent task knowledge from pretrained models across diverse NLP ap-
plications (Sahoo, Singh, et al. 2025; Vatsal and Dubey 2024), establishing prompt design as a core

adaptation mechanism at inference time.

System vs. user prompts Modern LLM interfaces separate prompts into a system part and a user part.
The system prompt sets the general behaviour and constraints of the model and remains hidden during
interaction, while the user prompt provides the task-specific query. Although most research focuses on
user prompts, recent work shows that system prompt design also affects model behaviour and performance.
(Neumann et al. 2025; Halil et al. 2025)
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Structure and position effects Because the prompt functions as the model’s behavioural interface,
both the content of the instructions and the way this content is organised inside the prompt shape out-
put behaviour. Systematic analyses of zero-shot LLM-based rankers show that effectiveness can change
substantially when varying prompt components such as role descriptions, tone words, task instructions,
output format and the relative position of query and documents, in some settings even more than when
changing the underlying ranking algorithm (S. Sun et al. 2025). Other experiments show that changing
only the position of relevant information within the input produces a characteristic U-shaped performance
curve, with models favouring the beginning and end of the context and degrading sharply in performance
for a given task when relevant material appears in the central part of a prompt, where it is effectively lost
in the middle” (N. F. Liu et al. 2024). Related work on position engineering reinforces this picture by
demonstrating that even when the prompt text is held constant, small shifts in where segments are located
in the positional layout can reliably change downstream accuracy and reveal task-specific but unintuitive
sweet spots for placing instructions, documents and queries (Z. He et al. 2024). Even small irrelevant sen-
tences can induce large accuracy drops, especially when distractors share topic cues or contain in-range
numbers (Shi et al. 2023). Taken together, this evidence suggests that the “how” of a prompt, its wording
and internal structure, can be as important as the “whar” in terms of task specification. As a consequence,
effective prompt design requires careful choices not only about which information to include but also

about how that information is phrased and organised within the prompt.

A further complication is that these sensitivities are strongly model-dependent. Work on few-shot prompt
orderings shows that permutations yielding near state-of-the-art performance for one model can collapse
to near-random accuracy for another, with no stable transfer of effective prompt structures across archi-
tectures (Y. Lu et al. 2022). A related line of work shows that even small variations in prompt template
format can shift in-context performance from competitive to near-random levels, and that effective tem-
plates rarely transfer across models or prediction methods (Voronov et al. 2024). Ultimately, the utility of
individual prompt strategies varies strongly across model families, suggesting that prompting behaviour

is partly an emergent property of model training and architecture (M. Son et al. 2025).

Length and context limits Beyond structural arrangement, the overall amount of context supplied to
a model also matters. LLMs often perform worse as prompts become longer, even when all relevant
information is present and easy to retrieve (Hosseini et al. 2025; Y. Du et al. 2025). Work on few-shot
prompting observes a similar over-prompting effect, where performance peaks at a moderate number of
in-context examples and then degrades once too many demonstrations are added (Y. Tang et al. 2025).
This aligns with the observation that even a single irrelevant sentence can disrupt predictions (Shi et al.
2023). Longer inputs simply provide more opportunities for distracting signals that models may follow.
At the same time, the number of tasks included in a prompt does not appear to impose a similar penalty.
Evaluations comparing single-task and multitask prompting show that combining several subtasks into
one prompt does not reliably reduce performance and can even improve it for larger models (G. Son et al.
2024; Gozzi and Di Maio 2024). This suggests that it is not task breadth but sheer prompt length that

more consistently limits LLM performance.
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Numerical limitations LLMs show persistent weaknesses in basic numerical understanding. Even
strong systems perform well only on simple and familiar number formats, while accuracy drops sharply
for longer inputs and for less common representations such as fractions or scientific notation. Models also
fail on elementary digit-level operations despite correctly interpreting the task instruction (H. Yang et al.
2025). These weaknesses extend beyond basic operations. Models perform well on simple numerical
tasks, but their accuracy drops sharply once problems involve numbers in more complex settings (Rah-
man 2025). Experiments with state-of-the-art models, including GPT-4 and DeepSeek, show that these

numerical weaknesses persist even at the largest model scales (H. Li et al. 2025).

Internal analyses show that models do encode numeric values in their hidden states along approximately
linear directions, but these encodings are imprecise, non-continuous and become increasingly noisy as
decimal precision grows (F. Zhu et al. 2025; Davies et al. 2025). Mechanistic work shows that models do
not use a general arithmetic algorithm but rely on many narrow heuristics that react to specific operand
patterns (Nikankin et al. 2025), which helps explain why their behaviour breaks down outside familiar for-
mats or ranges. Few-shot numerical performance also depends strongly on pretraining frequency. Models
are consistently much less accurate on equations that contain numbers that occur rarely in the pretraining
corpus than on otherwise similar equations built from frequent numbers (Razeghi et al. 2022). Taken
together, these results show that LLMs still lack a representation of numbers as continuous quantities and
instead operate through token-level correlations, a limitation that constrains their performance on numer-
ical retrieval, arithmetic and magnitude reasoning across tasks and model scales (H. Li et al. 2025). For
prompt engineering, this implies that tasks involving magnitudes or continuous quantities should avoid re-
lying on raw numerical inputs wherever possible and instead use categorical, discretised or linguistically

framed representations that align more closely with the model’s token-based inductive biases.

Shortcut behaviour and mitigation strategies The limits in handling numbers described above mirror
a broader issue: LLMs often fall back on simple shortcut cues in prompts instead of the intended task
logic. LLMs often behave like lazy learners in in-context learning settings. Instead of inferring the
underlying task rule from the provided examples, they tend to rely on superficial cues in the prompt, such
as spurious correlations or positional regularities (R. Tang et al. 2023). A similar pattern appears across
natural language understanding tasks, where model predictions frequently depend on lexical, positional
or stylistic artifacts rather than on task-relevant semantics (M. Du et al. 2023). Small, targeted shortcut
triggers can reliably mislead models, and even cause a model to fool itself with its own edited inputs (Levy
et al. 2023). Even in simple few-shot classification settings, models may shortcut to copying the provided
examples instead of learning the intended task pattern (Ali et al. 2024). These patterns reflect a broader
form of non-robust model behaviour, in which models present competent output while relying on fragile

shortcut cues rather than genuine task understanding.

One way to counteract some of the fragilities described above is to structure prompts so that models
generate intermediate reasoning traces rather than producing answers directly. Chain-of-thought prompt-
ing provides explicit demonstrations of step-by-step reasoning and has been shown to elicit substantially
more reliable multi-step problem solving across arithmetic, symbolic and commonsense tasks (J. Wei, X.
Wang, et al. 2022). Even without demonstrations, simply appending a cue such as “Let’s think step by

step” can induce models to articulate intermediate steps and significantly improve zero-shot accuracy on



Agent-based Models in the Social Sciences

a wide range of reasoning benchmarks (Kojima et al. 2022). More structured variants extend this idea by
interleaving internal ’thought” steps with environment-dependent actions. The ReAct framework demon-
strates that such interleaved reasoning and acting not only produce more coherent task-solving trajectories
but also help models avoid hallucinations and recover from errors when interacting with external tools
(S. Yao et al. 2023). These approaches suggest that adding explicit thinking traces can reduce shortcut

reliance and make model behaviour more stable and predictable.

Stronger models appear to rely less on prompt engineering for basic competence yet gain more from
well-structured prompts when these are applied (M. Son et al. 2025). Prompt engineering is therefore
not merely decoration around a model but a fine-grained design activity that functions like an additional
software layer implemented in natural language. Recent work explicitly frames prompts as “promptware”
that require their own lifecycle of requirements, design, testing and evolution (Z. Chen et al. 2025), intro-
duces the notion of prompt programming to treat prompts as carefully crafted linguistic programs rather
than ad hoc instructions (Reynolds and McDonell 2021), and proposes “prompt smells” as recurring pat-
terns that signal a risk of undesirable or hallucinated behaviour, in analogy to code smells in traditional
software engineering (Ronanki et al. 2024). These perspectives underline that in LLM-based systems,
much of the behavioural logic is encoded at the prompt level and must be engineered with the same care

as conventional source code.

2.3 Agent-based Models in the Social Sciences

Classical ABMs were introduced as a computational method for studying how macro-level societal pat-
terns arise from micro-level interactions of countless individuals. ABMs describe a system as a collection
of autonomous units, called agents, that perceive their environment, interact with other units and update
their internal states over time. This enables researchers to explore social systems as decentralised and
nonlinear processes rather than as aggregates of isolated variables, capturing forms of emergence that
arise only through interaction dynamics (Holland 1992). This bottom-up perspective is designed to make
the link between individual behaviour and collective outcomes explicit and to illustrate how complex so-
cietal patterns can arise from simple local rules, consistent with the broader idea in complexity science
that collective outcomes may exhibit properties not directly inferable from individual components (Byrne
and Callaghan 2022; Macy and Willer 2002).

In the social sciences, ABMs have been used to model a wide range of phenomena that involve distributed
decision making and feedback between individuals and institutions, including the formation of social
structures, cultural transmission, conflict and trade, and other macro-level patterns that are explained by
”growing” them from simple micro-level rules (Epstein and Axtell 1996; Conte and Paolucci 2014). Early
examples include Schelling’s segregation model, which shows how agents with only a mild preference
for having some neighbours of their own group, and who move whenever this preference is not met,
can nevertheless produce highly segregated residential patterns in a simple grid world (Schelling 1971).
Later work extended the approach to domains such as the emergence of social norms (Epstein 2007), the
diffusion of innovations (Deffuant, Huet, et al. 2005; Valente 1996), opinion dynamics (Castellano et al.
2009), financial markets (LeBaron 2006) and crowd behaviour (Luo et al. 2008). In these applications,

agent-based simulation serves as a virtual laboratory in which researchers can vary initial conditions,
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network structures or behavioural assumptions and observe how such changes influence system evolution.

Most ABMs in this tradition are built from a small set of recurring components. Agents represent indi-
viduals or organisations with attributes, bounded information and simple decision procedures that link
perceptions to actions. An environment provides the spatial, institutional or informational context in
which these agents are situated and from which they obtain local information. Interaction mechanisms
specify how agents encounter one another, exchange information and resources, form or dissolve ties and
respond to external events. (Macal and North 2005) Foundational work on intelligent agents emphasises
that realistic agents should exhibit autonomy, social ability, responsiveness to their environment and goal-
directed behaviour, properties that have been widely adopted in agent-based modelling (Wooldridge and
Jennings 1995). When agents with these capabilities interact repeatedly in a shared environment, the
model produces macro-level patterns that are not programmed explicitly but emerge from the underlying

dynamics.

A further characteristic of classical ABM design is that agent behaviour is implemented through deter-
ministic or stochastic rules formulated by the modeller. This rule-based specification is a defining feature
of early ABMs, where behaviour is encoded as explicit condition—action rules or update equations (Macal
and North 2005; Bonabeau 2002). These rules specify how agents update their states, make decisions or
respond to others, often in the form of logical conditions, symbolic equations or probability distributions
(Epstein and Axtell 1996). Even when randomness is included, the behavioural repertoire of an agent
is fully determined by the predefined rule set, consistent with views of ABMs as mechanistic and fully
specified micro-level processes (Epstein 2007). This rule-based architecture has the advantage of trans-
parency and analytical tractability, as the internal logic of the model is explicitly specified, inspectable
and reproducible (Windrum et al. 2007).

The transition from classical rule-based agents to LLM-driven generative agents marks a fundamental
change in how agent behaviour is represented and computed. Figure 1 contrasts these paradigms by
illustrating how classical agent-based models update explicit numerical state variables via predefined
equations, whereas generative agents operate on natural-language representations mediated by a language

model.
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Figure 1: Conceptual comparison between classical agent-based models and LLM-based generative agents. In
classical ABMs (right), agent behaviour is governed by explicit numerical state variables and predefined update
equations. In contrast, generative agents (left) represent perceptions, internal states and actions primarily in natural
language, with a large language model acting as a latent controller that maps textual inputs to textual outputs within
a programmatic scaffold. The example content is illustrative; the figure highlights the representational and compu-
tational shift from symbolic or numerical update rules to language-mediated decision processes (Source: Chuang
et al. 2024).

2.4 Generative Agents

Classical ABMs represent individuals through rule-based agents whose behaviour is specified by explicit
update rules and decision procedures (Section 2.3). The LL.Ms introduced in Section 2.1 make it possible
to upgrade these agents to a new level of behavioural richness and apparent human likeness. Generative
agents wrap an LLM in a technical scaffold that handles perception and action. At each decision point,
the scaffold constructs a prompt that summarises the agent’s internal state, memories, goals and recent
observations of the environment, submits this prompt to the LLM, and interprets the resulting text as
actions, utterances or internal updates. In this arrangement, the LLM acts as a latent controller of the
agent, while the surrounding program logic determines what information is exposed, how outputs are

mapped back into the simulation and how the agent’s state evolves.

A natural question is why LLMs are suitable as the core behavioural engine of such agents. Modern LLMs
instantiate several properties long associated with intelligent agents (Xi et al. 2025). They display a de-
gree of autonomy by generating context-appropriate actions without detailed stepwise instruction. They
are reactive because they adjust their outputs to new perceptual inputs supplied through prompts or mul-
timodal channels. They can also act proactively, as prompting methods such as chain-of-thought or task
decomposition elicit goal-directed reasoning rather than simple stimulus-response behaviour. Crucially,
they possess strong social ability, since natural-language interaction enables coordination, negotiation

and communication with humans or other agents. Together, these capacities make LLMs effective latent
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controllers within a generative-agent scaffold, where the surrounding program logic manages perception,
memory and action, and the LLM provides a flexible decision engine shaped through prompting and

mechanism design.

2.4.1 Architectural Scaffold of Generative Agents

The foundational design established by J. S. Park, O’Brien, et al. (2023) introduced a modular scaffold for
generative agents. It consists of a profile that fixes an agent’s identity, a memory module that stores and
retrieves past experiences, a reflection mechanism that produces higher-level summaries of memories, and
a planning component that organises anticipated future actions. This design made explicit how an LLM
can be embedded within a structured agent loop in which perception, memory and action are coordinated
through program logic. Subsequent systems have largely adopted this modular structure, varying its
implementation details, for example, by altering memory retrieval strategies, adding emotion or belief

tracking, or integrating external tools, while retaining the same overall scaffold.

Building on this common scaffold, generative-agent systems differ in how responsibilities are divided
between prompting and classical program logic. While all such systems rely on an LLM as the be-
havioural engine, some architectures keep most state tracking or memory management in conventional
code, whereas others elicit these capabilities directly through prompting. Memory retrieval illustrates
this spectrum well. At one end, systems let the LLM generate structured queries for symbolic memory
operations (C. Hu et al. 2023). On the other end, retrieval is handled entirely outside the LLM through
embedding-based similarity search (A. Zhao et al. 2024). Many recent systems vary these design choices

further, reflecting different trade-offs between controllability, flexibility and computational cost.

At a higher level of abstraction, recent survey work systematises these developments into a unified archi-
tecture comprising a profiling module, a memory module, a planning module and an action module, and
emphasises that profiling plays a foundational role in shaping all downstream components (L. Wang, Ma,
et al. 2024). Within this architecture, profiling functions as the structural starting point, as it fixes the

agent’s identity and conditions how memory, planning and action operate.

2.4.2 Core Agent Modules

Figure 2 summarises the modular scaffold shared by most generative-agent architectures and provides a

structural overview of the four core components discussed below.
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Profile

— Identity and role
— Demographics

— Generation method

Figure 2: Abstract architectural scaffold of a generative agent. The agent is organised into four core modules: a
profile that fixes identity and stable attributes, a memory module that accumulates and retrieves past experiences,
a planning module that links goals to actions, and an action module that interfaces with the environment. The
figure highlights the modular decomposition common to LLM-based generative agents, abstracting away from
implementation-specific details (Source: adapted from L. Wang, Ma, et al. 2024).

Profile The profile module specifies who an agent is and which role it plays. It typically bundles de-
mographic attributes, personality traits and social relationships into a concise description that is written
into the prompt and thereby conditions all later behaviour. The exact choice of profile fields is application
dependent. If psychological factors are central to the study, profiles may be augmented with Big-Five per-
sonality traits (Jiang et al. 2024). If communicative behaviour is the focus, profiles may instead include
communicative roles that describe characteristic participation patterns in social environments (Mou et al.
2024).

Existing work realises profiles in three main ways (L. Wang, Ma, et al. 2024). The first and most straight-
forward approach uses handcrafted profiles to describe agents with manually designed attributes such as
occupation, goals and ties to other agents (H. Zhang et al. 2024; J. S. Park, O’Brien, et al. 2023). The
second possibility is LLM-based profile generation, where a language model produces a larger cast of char-
acters from a set of explicit generation rules (G. Li et al. 2023). These rules define the desired attributes of
the population, and they can optionally be accompanied by a set of seed profiles as few-shot examples (L.
Wang, J. Zhang, et al. 2025). This approach is particularly useful for large populations, but can be hard to
control in detail (L. Wang, Ma, et al. 2024). The third and most rigorous approach creates dataset-aligned
profiles by deriving agent attributes from empirical data and translating them into natural language de-
scriptions that preserve observed demographic distributions. This is also referred to as silicon sampling,
where synthetic agents are sampled from real survey marginals and then rendered as personas (Argyle
et al. 2023). A notable sub-variant appears in social-media simulations, where agents are aligned to real
user accounts by letting an LLM infer demographic attributes or personal tendencies from profile text and
posting histories (C. Gao, Lan, Z. Lu, et al. 2025; Goethals et al. 2025). This produces highly detailed

personas and raises ethical concerns, because real individuals are effectively instantiated as agents inside
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the simulation. These three approaches are not mutually exclusive. For example, dataset-aligned profiles
can be complemented by handcrafted roles for a select few agents to represent counterfactual actors (Kera
and Cavallon 2025). Likewise, a dataset-aligned profile can be further enriched by conditioning an LLM
on it to generate additional life details such as a short background story, hobbies or plausible personal
interests (Yijun Liu et al. 2025).

Memory The memory module allows agents to accumulate experiences and to condition future actions
on past events. From a cognitive perspective, it provides the basis for learning and abstraction, while
in agentic terms it underpins self-evolution, experience accumulation and consistent role behaviour over
extended interactions (Z. Zhang et al. 2025). Most architectures distinguish between short-term memory,
realised through the LLM context window, and long-term memory, which stores older yet relevant infor-
mation in an external structure. In unified memory designs, agents rely only on short-term in-context
memory, so that recent observations, internal thoughts and dialogue turns are written directly into the
prompt. Hybrid designs add an explicit long-term store, for example, a vector database or key value store,
which holds consolidated information that can be queried when needed and thereby supports longer range
coherence. (L. Wang, Ma, et al. 2024)

Memory contents can originate from three sources, namely information inside the current trial, cross-trial
experiences collected over many episodes, and external knowledge that is injected from outside the agent
environment loop (Z. Zhang et al. 2025). This agent-level memory is conceptually separate from the para-
metric world knowledge already encoded in the LLM, which provides general background information

but does not record the agent’s own experiences.

Beyond this structural and source-based view, memory modules differ in how information is represented.
Some systems keep memories purely as natural language snippets, which preserve rich semantics and can
be fed back into prompts verbatim (Shinn et al. 2023; G. Wang et al. 2023). Others encode memories
as embeddings to enable efficient similarity-based retrieval (Zhong et al. 2024), store them as tuples or
lists that capture explicit structure (Modarressi et al. 2024), or use databases as a symbolic memory that
can be manipulated through queries such as SQL statements (C. Hu et al. 2023). These formats are not
mutually exclusive and are often combined, for example, by using embedding vectors as keys and natural

language as values (X. Zhu et al. 2023).

Across architectures, three core operations organise the interaction with memory, namely writing, man-
agement and reading (Z. Zhang et al. 2025). Memory writing decides which perceived events are stored
and in which form, which already requires some selection because raw histories are lengthy and noisy.
Memory management keeps the store usable over time by merging duplicate entries, forgetting low-value
information under capacity constraints and performing reflection steps that compress repeated patterns
into more abstract, high-level summaries. Memory reading then aims to extract useful information from
past behaviour and typically scores candidate items by recency, relevance and importance, a retrieval
heuristic first formalised in the Generative Agents work of J. S. Park, O’Brien, et al. (2023). Under this
scheme, recent, contextually related and intrinsically salient events are more likely to be selected. Taken
together, these mechanisms allow generative agents to exhibit history-dependent and self-consistent be-

haviour that would be difficult to realise with purely stateless decision rules.
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Planning The planning module links high-level goals to concrete action sequences and enables agents
to decompose complex tasks into intermediate steps. When planning proceeds without feedback, agents
rely solely on internal reasoning to derive a sequence of subgoals. This can take the form of single-path
reasoning, where tasks are unfolded into a linear chain of steps, or multi-path reasoning, where several
possible continuations are explored in a tree-like fashion (L. Wang, Ma, et al. 2024). Multi-plan selection
methods extend this setting by generating several candidate plans and then choosing among them through
voting or heuristic search, which trades improved robustness against additional computation (X. Huang et
al. 2024). Some approaches complement this with external planners that operate on formal task descrip-
tions and return executable action sequences (Dagan et al. 2023). Other systems adopt planning with
feedback, in which partial plans are executed, observed, and revised as new information arrives. Feed-
back may stem from the environment through state changes or task completion signals, from humans who
provide clarifications or corrections, or from models in the form of auxiliary evaluations that critique or
refine candidate plans. Across these variants, the planning module provides the mechanism that turns sta-
ble goals into context-adaptive behaviour by continuously integrating perception, memory, and feedback
into the unfolding plan. (L. Wang, Ma, et al. 2024)

Action The action module translates an agent’s decisions into concrete outputs. It sits at the downstream
end of the architecture, where it directly interacts with the environment. It is shaped by the agent’s profile,
memory and planning modules. Its operation can be described along four perspectives: action goals,
action production, action space and action impact. The first two describe what happens before an action,
the third describes the action itself, and the fourth captures the consequences of acting. (L. Wang, Ma,
et al. 2024)

Action goals specify what the agent intends to achieve in a given moment. Depending on the system,
actions may target task completion (Qian et al. 2024), communication with other agents (Larooij and
Tornberg 2025a) or exploration of unfamiliar environments to gather information or skills (G. Wang et al.
2023).

Action production describes how actions are generated. Some systems act by retrieving relevant memories
and conditioning the LLM on them. Others follow pre-computed plans step by step. Many combine both

approaches so that planned behaviour remains sensitive to the current context. (L. Wang, Ma, et al. 2024)

Action space defines which actions are available. This ranges from text-only environments limited to natu-
ral language messages to richer systems that expose tool calls (P. Zhao et al. 2023). Even without external
tools, agents can act solely through the internal capabilities of the LLM. These include its planning ability,
its conversational competence and its grasp of basic commonsense knowledge, which together allow the

agent to behave coherently and respond appropriately to situational demands.

Action impact describes what happens after an action has been executed. Outputs may change the external
environment. They may also update the agent’s internal state, for example, by adding new memories or
altering plans. Actions can also create new preconditions that trigger subsequent decisions and thereby

shape the unfolding behaviour of the agent. (L. Wang, Ma, et al. 2024)

Although these actions are expressed in natural language, they remain grounded in the structured state of

the simulation. This ensures that the generated behaviour is interpretable for humans and tractable for the
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underlying system.

Behavioural guidance Beyond the architectural modules described above, a generative agent’s be-
havioural capabilities depend critically on how the underlying LLM is guided. Much of this competence
stems from prompt engineering (Sahoo, Singh, et al. 2025) as introduced in section 2.2 together with a
higher-level layer often termed mechanism engineering or context engineering (Mei et al. 2025). In this
analogy, the LLM functions as the behavioural hardware, a powerful but undirected engine, while prompt
engineering provides the software layer that specifies how this engine should operate in context. Care-
fully designed instructions, role descriptions, constraints and examples shape the model’s internal policy
and enable behaviours such as planning, self-reflection or persuasive communication without modifying
model parameters. Mechanism or context engineering complements this by adding programmatic control

structures around the LLM that regulate how behaviour unfolds over time.

2.5 New Paradigm of Generative Social Simulation

The previous subsection introduced generative agents as cognitively enriched LLM-powered entities
whose behaviour emerges from a scaffold that manages their profile, memory, planning, and action mod-
ules. If multiple such agents are placed in a shared environment where they perceive one another, exchange
information, and act under a common set of rules, the result is an LLM-based multi-agent system (T. Guo
etal. 2024). The recent literature treats these systems as a broad umbrella that spans a wide range of appli-
cation scenarios. A first branch comprises problem-solving settings, where specialised agents collaborate
to solve complete complex tasks in areas such as software development or robotics (H. Jin et al. 2025;
W. Huang et al. 2023). The second branch comprises world simulation systems, which use generative
agents to model complex environments and study emergent behaviour. This branch covers domains such
as gaming, psychology, economics, policymaking and disease propagation. (T. Guo et al. 2024) Societal
simulation is a specific domain within this world simulation branch. It centres on constructing artificial
societies in which agents communicate through natural language and generate behavioural traces that
can be analysed as social dynamics. It continues the methodological tradition of classical ABM intro-
duced in section 2.3, but replaces handcrafted update rules with an LLM scaffold that governs perception,

interpretation and action (Gurcan 2024) as explained in section 2.4.

Terminology Multiple terms are used in the literature to describe simulations in which many generative
agents interact within a shared social environment. These include expressions such as "LLM-Empowered
Agent-Based Simulation” (C. Gao, Lan, N. Li, et al. 2024), "Generative Agent-Based Modeling” (Ghaf-
farzadegan et al. 2024), "LLM-Based Social Simulation” (K. Park et al. 2025), ”Generative Social Simu-
lation” (Larooij and Tornberg 2025a) and related variants. Although these labels differ in emphasis, they
all describe models in which heterogeneous LLM-driven generative agents communicate through natural
language and produce behavioural traces that can be analysed as social processes. To remain conceptu-
ally aligned with the notion of generative agents introduced in section 2.4 and to connect this line of work
to developments in generative social science (Epstein 1999), the term “Generative Social Simulation” is

adopted in this thesis.
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From agents to social systems Moving from individual generative agents to a full generative social
simulation requires several additional design decisions that determine how a population of LLM-powered
agents functions as a coherent social system. The first step is to construct an environment that agents can
perceive and act in. The agent—environment interface defines how agents receive information, how actions
change the world and which aspects of the environment are visible to them (T. Guo et al. 2024). In societal
simulations, this interface is typically text-based, which allows both environmental descriptions and agent
actions to be expressed in natural language. A second step is to specify the communication structure. Di-
rect text exchange enables conversational interaction, while visibility rules or message routing determine
which agents perceive which events and how information propagates through the population. (C. Gao,
Lan, N. Li, et al. 2024) A third step concerns population design. The profiling strategies introduced in the
previous subsection allow a modeller to define agents with heterogeneous attributes and roles, whether
through predefined descriptions, model-generated personas or data-derived profiles that reflect empirical
distributions. Finally, the simulation requires orchestration mechanisms that coordinate when agents per-
ceive, reflect and act. Contemporary frameworks use controllers that regulate time stepping and message
passing at scale, and they support role-specific behaviour through specialised prompts, memory structures
or scenario-conditioned adaptations (Taillandier et al. 2025). These components extend the single-agent
scaffold into a structured social environment in which interaction patterns can give rise to higher-level

social dynamics.

Evolution of generative social simulations The first influential demonstration of such a system is the
Smallville sandbox by J. S. Park, O’Brien, et al. (2023), which showed that a community of twenty-five
generative agents situated in an interactive world can produce coherent daily routines, engage in social
interactions and coordinate collective events through purely linguistic perception and action. Subsequent
work extended this idea to larger and more diverse settings. Social Simulacra (J. S. Park, Popowski,
et al. 2022) scaled the approach to one thousand personas, and S3 (C. Gao, Lan, Z. Lu, et al. 2025)
applied generative agents to online network scenarios with populations on the order of ten thousand users.
AgentSociety (Piao et al. 2025) further demonstrated large-scale social simulation by modelling over ten
thousand agents and several million interactions in a realistic societal environment, using the platform as
a testbed for studying phenomena such as polarisation and policy interventions. More recent frameworks
pursue substantially larger and more flexible simulations. GenSim supports simulations with around
one hundred thousand agents (J. Tang et al. 2025), SocioVerse incorporates millions of real-world user
profiles to align agent behaviour with population characteristics (X. Zhang, Lin, Mou, et al. 2025), and
Light Society claims to support simulations with up to one billion agents (Guan et al. 2025). Domain-
specific systems, such as ElectionSim (X. Zhang, Lin, L. Sun, et al. 2024) illustrate how large populations
can be tailored to particular societal processes. Taken together, these developments indicate a gradual
shift from small handcrafted sandbox worlds toward more general platforms capable of supporting large,

heterogeneous generative social simulations.

2.6 Advantages of Generative Social Simulation

Behavioural expressiveness When many generative agents interact within a shared environment, their

behaviour exceeds what classical ABMs can express. They can produce text that resembles human
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communication, which increases behavioural fidelity beyond what handcrafted rule agents can achieve
(Miinker et al. 2025). Classical ABM agents typically rely on predefined rules tailored to narrow tasks
and therefore generalise poorly beyond their design scope. LLM-driven agents overcome this limitation
by using language-based decision processes learned from large corpora, which enables flexible reason-
ing and context-dependent action generation across tasks without explicit behavioural programming (P.
Zhao et al. 2023). Their communicative competence further expands the behavioural space available to
simulations. Natural language provides a rich and interpretable interaction channel that enables agents
to converse, negotiate and coordinate through text. Multi-turn linguistic interaction elevates the simula-
tion from isolated responses to community-level dynamics, as dialogue, persuasion and coordination can

emerge organically. (C. Gao, Lan, N. Li, et al. 2024)

Persona heterogeneity Generative agents make it possible to populate simulations by drawing syn-
thetic individuals from a target population of interest rather than relying on a homogeneous or implicitly
defined agent pool. By conditioning agent profiles on demographic, social or contextual attributes that
mirror a real population, silicon sampling allows simulations to approximate population-level diversity in
a controlled manner. This reduces the influence of biases inherited from internet-scale pretraining, so that
collective behaviour is not dominated by the model’s default training distribution. (Argyle et al. 2023) At
the same time, demographically conditioned personas have been shown to reproduce subgroup-specific
response patterns observed in human data, for example, in evaluations of familiar versus unfamiliar brands
(Kaiser et al. 2025). Compared to random sampling alone, population-aligned persona profiles produce
a wider spread of agent behaviours, so coordination, opinion change, and role differences can arise from
substantive individual variation instead of everyone following the same generic response pattern (Z. Hu
et al. 2025).

Emergence and exploration Generative social simulations can display spontaneous collective patterns
that were never explicitly encoded, enabling discovery-oriented analyses of coordination and group dy-
namics that extend beyond the behavioural repertoire of classical ABMs. Because these systems can be
scaled far beyond the limits of human subject experiments, they support the investigation of phenomena
that are effectively "human impossible”, including large-scale policy interventions or collective responses
involving thousands of interacting agents. (Anthis et al. 2025) Such simulations can reveal collective
patterns even in the absence of explicit micro rules, thereby providing exploratory insight into social

dynamics that would be difficult to observe through traditional modelling approaches (Wu et al. 2025).

Modelling flexibility Another advantage of generative social simulations is that they offer a more flex-
ible and accessible modelling workflow than classical ABM, because core components of a model can
be specified directly in natural language. Researchers can define roles, environments, objectives and be-
havioural constraints through prompts instead of low-level programming, which accelerates model con-
struction and reduces dependence on extensive implementation effort. Natural language interfaces also
make simulations easier to design and interpret, since behaviours and roles can be written in human-
readable form that directly shapes agent behaviour. (Taillandier et al. 2025) This accessibility broadens

participation beyond domains with established ABM expertise, enabling researchers in fields such as
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social science, healthcare or urban planning to formulate and explore complex scenarios without adopt-
ing specialised simulation tooling. The resulting flexibility supports rapid prototyping, since alternative
configurations can be expressed and tested with minimal engineering overhead, lowering the barrier to

experimentation compared to traditional ABMs. (Gurcan 2024)

Ethical sandboxing Generative agents further provide a means to investigate ethically sensitive do-
mains without exposing human participants to harm. Because simulated agents can be subjected to bi-
ased, stressful or potentially harmful content, researchers can analyse how such factors shape behaviour
or social dynamics while avoiding risks that would be unacceptable in human subject studies (Anthis
et al. 2025). This enables controlled examination of sensitive social processes or high-risk scenarios that
cannot be ethically tested with real populations, thereby broadening the range of societal processes that

can be systematically explored under experimental conditions (Taillandier et al. 2025).

2.7 Challenges and Limitations of Generative Social Simulation

Computational cost and scalability Generative social simulations are orders of magnitude more ex-
pensive than classical ABM. This creates a structural barrier to large parameter sweeps, replications and
robustness checks. Because computational cost forces many studies to run only a single simulation de-
spite substantial stochasticity, reproducibility and sensitivity analysis are directly undermined. (Larooij
and Tornberg 2025b) Although recent work introduces memory optimisations, operational improvements,
compression methods and batching strategies, the cost of simulating a large-scale society of generative
agents continues to be prohibitive (C. Gao, Lan, N. Li, et al. 2024). This computational burden prevents
the repeated runs required for confidence intervals, pushing simulations to computational boundaries that
make replication and prediction-heavy use cases infeasible at meaningful scale (Miinker et al. 2025; Wu
et al. 2025).

Opaqueness and limited behavioural fidelity Generative agents introduce deep epistemic opacity be-
cause their behavioural model is encoded in billions of parameters that cannot be inspected directly, which
leaves designers with limited insight into why an agent acts as it does or how its internal dynamics relate to
the processes the simulation is meant to capture (Larooij and Tornberg 2025b; Taillandier et al. 2025). As
probabilistic next-word-predictors, LLMs offer no built-in notion of correctness and therefore routinely
produce hallucinations that undermine the reliability of their inferred reasoning (Sahoo, Meharia, et al.
2024). Their outputs may be linguistically coherent yet rest on superficial or misleading causal structures,
since the model is optimised to imitate plausible language patterns rather than to implement validated
mechanisms of human cognition or action (Taillandier et al. 2025). These properties limit fidelity at
the individual level. Empirical studies show that LL.M-based human simulations are not reliably aligned
with observed human behaviour across domains due to inherent LLM limitations and simulation design
flaws (Q. Wang et al. 2025). LLM agents cannot be assumed to impersonate specific individuals or so-
cial groups reliably, and aligning them with personalities or demographic profiles is inherently unstable.
This constrains their ability to function as transparent or faithful models of human decision-making in

generative social simulations. (Larooij and Tornberg 2025b; Q. Wang et al. 2025; Wu et al. 2025)
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Temporal instability and reproducibility Furthermore, generative social simulations face substantial
reproducibility challenges because they combine the chaotic sensitivity to initial conditions typical of
complex systems with the stochastic variability of language model outputs, producing run-to-run diver-
gence even under identical setups (Larooij and Tornberg 2025b). Temporal consistency within a single
run is also fragile. Agents can drift in persona, memory or belief trajectories when internal state is not
firmly anchored, making long-term coherence difficult to maintain (J. Zhou et al. 2025). Such drift com-
plicates the interpretation of emergent behaviour because it becomes unclear whether observed patterns
reflect genuine dynamics or instability artefacts (Wu et al. 2025). Model-level inconsistencies add to
these challenges. Even when given identical prompts, LLM agents may produce inconsistent or odd re-
sponses, particularly in smaller models, which weakens reproducibility across runs (C. Gao, Lan, N. Li,
et al. 2024). Simulation design flaws can further reinforce these effects, generating variation that reflects

artefacts rather than underlying social processes (Q. Wang et al. 2025).

Persona collapse and distributional misalignment LLM agents tend to collapse toward an “average
persona’” because next-token prediction rewards high-frequency, mainstream linguistic patterns and sup-
presses minority or low-frequency behaviours. Empirical studies show the same tendency, with LLM-
generated text systematically reflecting dominant linguistic and social norms while underrepresenting
minority expressions (Gallegos et al. 2024). More generally, persona prompting captures only a small
share of human behavioural variation, which encourages averaged or stereotyped group behaviour (T. Hu
and Collier 2024). As a result, LLM agents often fail to represent social groups accurately and instead
reproduce biases inherited from training data (Navigli et al. 2023). This reduces behavioural variance,
erases subgroup characteristics and undermines simulations that depend on heterogeneous preferences
or diverse interaction styles (Larooij and Tornberg 2025b; Taillandier et al. 2025). These failures can
be uneven across linguistic and cultural populations, with substantially worse alignment in low-resource
languages (Z. Jin et al. 2024).

In addition to this variance collapse, generative agents can also deviate systematically from human pop-
ulation means (Wu et al. 2025). Survey style evaluations repeatedly find that synthetic respondents can
approximate aggregate averages while underrepresenting variance and distorting subgroup distributions,
yielding overconfident and misaligned population profiles (Bisbee et al. 2024; Sarstedt et al. 2024; Kaiser
et al. 2025; Boelaert et al. 2025). Broader critiques identify sycophancy and alienness as structural weak-
nesses that push LLMs toward socially normative yet psychologically ungrounded responses, limiting
their ability to model human groups faithfully (Anthis et al. 2025). Population-level misalignment arises
because LLMs express topic-specific political biases and US-centric framing patterns (Bang et al. 2024)
and show substantial divergence from the distributions of opinions held by actual demographic groups,

even when explicitly steered toward them (Santurkar et al. 2023).

Prompt sensitivity and experimenter effects Generative social simulations are vulnerable to experi-
menter visibility effects (Gilder and Heerey 2018), because agents can pick up cues embedded in prompts
and adjust their behaviour accordingly. This can include cues that implicitly encode hypotheses or de-
sired outcomes and thereby steer agents toward scripted rather than emergent patterns (J. Zhou et al.

2025). Similar to social experiments with human participants, they are susceptible to demand charac-
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teristics, meaning that behaviour shifts when the agent infers what outcome is expected in the scenario
(McCambridge et al. 2012). They may follow these prompt cues in ways that echo shortcut learning (see
Section 2.2). A related mechanism is the Hawthorne effect, where behaviour shifts merely because the
agent recognises that it is being evaluated. This capability is documented in research showing that LLMs
can detect evaluation settings and adjust their responses accordingly (Adair 1984; Needham et al. 2025).
A further analogue is social desirability bias, where outputs align with perceived norms of acceptability
rather than with mechanism-driven responses, a tendency reinforced by sycophantic behaviours in which
models echo what they believe the user wants to hear (Edwards 1957; Rrv et al. 2024).

Design flaws such as homogeneous profiles, missing interaction structures or discarded memory can gen-
erate patterns that resemble social phenomena without arising from genuine agent interaction (J. Zhou et
al. 2025). Broader usage issues, including misaligned scenarios or loosely specified prompts, can amplify
these artefacts by making outputs track textual cues more strongly than underlying model dynamics (Wu
et al. 2025). These vulnerabilities are compounded when embedded bias or limited generalisation capac-
ity causes agents to reproduce the researcher’s wording or assumptions, weakening the independence of
simulated behaviour (Anthis et al. 2025; Miinker et al. 2025).

Limits for causal and confirmatory use Generative social simulations face limits for confirmatory or
causal inference because they lack the parsimony of formal models and the empirical grounding of data-
driven approaches (Larooij and Tornberg 2025b). Their coherent linguistic output gives an impression
of realism, but this surface-level behaviour does not reflect underlying mechanisms, and many observed
patterns arise from prompt artefacts or training effects rather than from genuine interaction dynamics (J.
Zhou et al. 2025). In particular, behaviours that appear emergent can be observationally indistinguishable
from memorised patterns or data leakage from prior literature, which fundamentally undermines claims
that such dynamics arise causally from agent interaction (Barrie and Tornberg 2025). These issues make

it difficult to build cumulative theoretical knowledge on top of such simulations.

Research further shows that societies of generative agents cannot reproduce causal structures or stable
empirical regularities in a reliable way, since model and framework constraints limit the representation of
mechanistic processes (Wu et al. 2025). LLM behaviour diverges from human behaviour even in simple
decision-making tasks and varies substantially across models, prompts and contexts, which undermines
robustness for confirmatory or causal use (Y. Gao et al. 2025). Treating generative agents as human
surrogates, therefore risks overstating their scientific capacity and causal interpretability (Anthis et al.
2025). Because these agents do not implement explicit, theory-driven behavioural mechanisms, observed
outcomes cannot be traced back to identifiable causal processes, which limits their usefulness for causal

explanation or for establishing empirical correspondence (Taillandier et al. 2025; Q. Wang et al. 2025).

Ethical and societal risks As noted above, distributional misalignment and variance loss can already
distort population-level behaviour. These distortions carry ethical significance when they translate into
biased or inaccurate portrayals of demographic groups within simulated societies (Larooij and Tornberg
2025b). Evidence shows that prompt-based persona generation can systematically produce simplified
and stereotypical portrayals of demographic groups, with LLM-generated personas exhibiting stronger

racial stereotyping than comparable human-written descriptions (M. Cheng et al. 2023). Such misrep-
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resentation can shape population structures, erase minority perspectives or amplify culturally dominant
viewpoints in ways that undermine fairness and demographic realism (Wu et al. 2025). These risks in-
tensify in simulations involving polarised or sensitive topics, where generative agents may reproduce or
amplify harmful content such as outrage, stigma or hate speech (Miinker et al. 2025). A final concern is
interpretative: fluent outputs can foster automation bias (Goddard et al. 2012), encouraging researchers
or policymakers to treat biased artificial societies as valid representations of human populations despite

opaque reasoning and flawed outputs (Taillandier et al. 2025).

Overall, the challenges outlined above show that the core problem of generative social simulation is not
expressive power but credibility. High computational cost limits replication and robustness, epistemic
opacity and hallucinations undermine interpretability and individual-level fidelity, stochastic drift and
prompt sensitivity weaken reproducibility, and distributional misalignment distorts population-level be-
haviour. These issues interact in ways that make surface-level realism or qualitative plausibility insuffi-
cient for scientific claims. Validation therefore, cannot be treated as a single post-hoc check, but must
specify what a simulation is meant to explain, at which level of abstraction, and under which empirical
constraints. Recent work converges on the view that credible validation in LLLM-based social simulation
must be multi-layered, distinguishing between purpose-aligned external grounding, micro-level agent fi-
delity and consistency, and macro-level experimental design conditions that allow collective patterns to

emerge without being scripted by researcher intent.

2.8 Validation Principles for Generative Social Simulation

The current discussion on how to validate generative social simulations is mainly shaped by four recent
contributions that address different facets of the problem. Larooij and Tornberg (2025b) identify valida-
tion as the central challenge for generative social simulation, arguing that current generative social sim-
ulations often validate the wrong quantities. J. Zhou et al. (2025) synthesise recurring methodological
flaws in generative social simulations and formalise the PIMMUR framework. It defines six require-
ments, namely Profile, Interaction, Memory, Minimal-Control, Unawareness and Realism, as necessary
conditions for credible generative social simulation. These principles are intended to prevent artefacts
introduced by prompting practices, insufficient agent design and constrained interaction structures. Wu
et al. (2025) argue that generative social simulations are bounded by problems of alignment, consistency
and robustness. They outline heuristic criteria that clarify the conditions under which these models can
produce defensible insights into collective social patterns. Miinker et al. (2025) argue that generative
social simulations must be validated against real-world data and that their credibility depends on demon-
strable empirical realism. They propose evaluating each simulation component with task-specific loss
functions that quantify how closely simulated behaviour matches observed human behaviour. Any down-
stream findings should therefore be interpreted in light of these realism scores, which indicate the degree

to which simulated outcomes remain tethered to the empirical domain.

Taken together, these works outline an emerging consensus on what constitutes rigorous validation in
LLM-driven social simulations. The following subsections synthesise these insights into three comple-
mentary dimensions: purpose-aligned external validation, micro-level agent fidelity, and macro-level ex-

perimental design governing robustness and independence from researcher intent.

22



Validation Principles for Generative Social Simulation

2.8.1 Purpose-Aligned and Externally Grounded Validation

Validation in generative social simulation begins with a purpose-aligned question about what the model

is intended to explain or predict, because the criteria for success follow directly from this definition.

A central critique is that generative social simulations often validate the wrong quantities. The review by
Larooij and Tornberg (2025b) shows that current work relies on five broad validation techniques: judge-
ments by humans or LLMs about the plausibility of agent behaviour, comparisons with well-known so-
cial patterns, benchmarking against other models, matching outputs to human-generated data and tests
of internal coherence or parameter stability. While these approaches differ in sophistication, most target
surface-level properties such as stylistic realism or qualitative plausibility rather than the behavioural dy-
namics the model is intended to capture. Several techniques also suffer from circularity, data leakage
or purely subjective interpretation. Larooij and Tornberg (2025b) therefore argue that only empirical,

purpose-aligned validation against real behavioural data can establish operational validity.

Miinker et al. (2025) extend this concern by providing a framework for external grounding. They ar-
gue that generative social simulations must demonstrate empirical realism for the components that are
central to the phenomena under study, and that any simulated outcomes should be interpreted only in
light of these realism scores. In their example, they focus on user-communication behaviour because it
drives their substantive claims: the component is trained on real Twitter data, evaluated with task-specific
loss functions comparing simulated and human messages, and the resulting scores provide quantitative
evidence of behavioural fidelity. Their broader recommendation is that all components that materially
influence outcomes should, in principle, be validated for empirical realism, making such grounding a pre-
condition for drawing substantive conclusions. This directly operationalises the critique raised by Larooij
and Tornberg (2025b): validation must go beyond surface-level plausibility and assess the mechanisms

that matter for the model’s stated purpose.

A further part of the debate concerns the scope of claims that LLM-based simulations can reasonably sup-
port. Wu et al. (2025) emphasise that alignment, consistency and robustness constraints place inherent
limits on what such simulations can show, and that validation should therefore match the types of conclu-
sions the model can sustain. They argue that generative social simulations are most credible when used
to analyse collective patterns rather than individual behaviour. This complements the concerns raised
by Larooij and Tornberg (2025b) as well as the empirical realism framework of Miinker et al. (2025):
validation should be conducted at the abstraction level at which the model can reliably operate. Taken
together, these contributions frame validation as a purpose-specific and empirically grounded exercise,
in which simulated outcomes are judged relative to the external data and behavioural scales they aim to

approximate.

2.8.2 Micro-Level Agent Design

Micro-level validity concerns whether individual agents behave as sufficiently rich, stable and heteroge-
neous actors to support meaningful social interaction. The PIMMUR framework provides clear criteria
for this level of evaluation. Its first three principles Profile, Interaction and Memory identify recurring

flaws in current generative agent designs and define the conditions under which micro-level behaviour
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can be considered credible (J. Zhou et al. 2025). Profile requires that agents possess distinct backgrounds
or preferences rather than representing homogeneous copies of a single underlying model. Interaction
requires that agents influence and respond to one another through genuine exchanges instead of receiv-
ing aggregated population statistics. Memory requires that agents maintain persistent internal states so
that beliefs and identities evolve across time rather than resetting with each prompt. When these condi-
tions are violated, simulations tend to collapse into artefacts such as homogeneous conversations, scripted

outcomes or pseudo-multi-agent setups that cannot support emergent dynamics.

Complementing these design criteria, Wu et al. (2025) argue that current generative agents often collapse
into an average persona with low behavioural variance and that they struggle to maintain stable roles over
longer simulations. In their view, limited heterogeneity and temporal drift constrain the range of emergent

dynamics that can be meaningfully studied and make individual trajectories difficult to interpret.

These considerations motivate micro-level realism assessments that evaluate whether individual agent
behaviour approximates human responses when examined at the level of specific decisions. Miinker and
colleagues show that such fidelity is achieved by treating behavioural components as learned predictors
with explicit training objectives rather than relying solely on generic prompting (Miinker et al. 2025). In
their study, modules for posting, replying and reply likelihood are fitted to real user data and evaluated
with task-specific metrics that quantify how closely model outputs reproduce observed behaviour. The
resulting realism scores function as an empirical calibration of the agent’s behavioural competence and

provide a principled basis for interpreting downstream simulation outcomes at the individual level.

Overall, these perspectives suggest that micro-level validation should ask whether agents act consistently
over time, differ meaningfully from one another, and reproduce empirically observed behavioural reg-
ularities, since only under these conditions can individual agents serve as a credible basis for studying

higher-level social processes.

2.8.3 Macro-Level Experimental Design

At the macro-level, the question is whether a simulation creates conditions in which collective patterns can
arise without being scripted by the experimenter. The PIMMUR framework formulates three principles
for this level of design: Minimal-Control, Unawareness and Realism (J. Zhou et al. 2025). Minimal-
Control requires that prompts and system rules specify only what is needed for perception, action and
communication, so that outcomes are driven by agent interaction rather than by hints that encode the
desired effect. Unawareness requires that agents cannot easily infer the experimental hypothesis, manip-
ulation or evaluation criterion, since such meta-knowledge introduces demand characteristics and makes
behaviour track the research script. Realism requires that simulations are anchored in empirical data and
that emergent patterns are evaluated against observations from real societies instead of only against sim-
plified theoretical models. Together, these constraints define a macro design space in which collective

behaviour emerges under plausible informational conditions rather than direct instructional control.

Because generative social simulations are stochastic and sensitive to modelling choices, macro-level valid-
ity also depends on robustness. Larooij and Tornberg (2025b) argue that results need to be probed across
seeds, parameter settings and design variants in order to distinguish stable regularities from artefacts of

a particular configuration. Wu et al. (2025) emphasise that, given current LLM limitations, macro-level
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conclusions are most credible when simulations are interpreted at the level of population-wide patterns
rather than individual trajectories. Coherent language does not guarantee valid causal dynamics, and the

models’ behavioural variance is too limited to support fine-grained claims.

Together, these considerations frame macro-level design as the task of enabling meaningful emergent pat-

terns while guarding against artefacts introduced by prompting, scenario structure or a lack of robustness.
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3 Theoretical Foundations of Information Disorder

Information disorder provides the conceptual lens through which this chapter examines the dynamics of
misleading and harmful information in digital environments. Following the framework introduced by War-
dle and Derakhshan (2017), information disorder refers to a broad class of polluted information streams
in which false, misleading, manipulated or strategically disclosed content circulates through public com-
munication at a global scale, enabled and accelerated by contemporary social technologies. Rather than
treating misinformation as a collection of isolated false claims, this perspective emphasises the interac-
tion between strategic agents, stylistically constructed messages and active interpretation by audiences,
unfolding across the phases of creation, production and distribution. Building on this framing, the chapter
integrates theoretical work on online social networks, social bots and computational amplification, narra-
tive styles of misinformation, and models of opinion formation and individual interpretation. Together,
these perspectives establish the domain assumptions that underpin the simulation framework developed

in subsequent chapters.

3.1 Types of Information Disorder

In response to the inadequacy and politicisation of the term fake news, Wardle and Derakhshan (2017)
introduce information disorder as a broader conceptual framework for analysing polluted information en-
vironments. The term fake news is rejected because it fails to capture the diversity of misleading and
harmful information practices and has increasingly been appropriated as a rhetorical weapon to delegit-
imise unfavourable journalism. Instead, it distinguishes types of information disorder along two core
dimensions: the falseness of content and the intent to cause harm. This distinction enables a more pre-
cise analysis of how different forms of problematic content are created, circulated and instrumentalised

in digital public communication.

Misinformation Misinformation refers to information that is false or misleading but shared without an
intention to cause harm. It commonly arises in contexts of uncertainty, urgency or information overload,
such as breaking news events, crises or rapidly evolving situations. Individuals who spread misinforma-
tion are often motivated by a desire to be helpful, expressive or socially responsive rather than by strategic
goals. Despite the absence of malicious intent, misinformation can nonetheless have significant societal
consequences when it spreads widely or becomes embedded in collective understandings. (Wardle and
Derakhshan 2017)

Disinformation Disinformation denotes information that is false and deliberately created, produced or
distributed to cause harm or to influence a person, group, organisation or country. Intentionality is the
defining feature of this category. Disinformation includes fabricated content, manipulated or decontex-
tualised material, impersonation of legitimate sources and coordinated amplification campaigns. Such
practices are often embedded in organised influence operations that exploit digital platforms to shape

perceptions, undermine trust, and strategically distort public discourse. (Wardle and Derakhshan 2017)

Malinformation Malinformation describes information that is based on reality but used strategically to

cause harm. Unlike mis- and disinformation, malinformation does not rely on falsity. Instead, harm arises
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from the timing, framing or context of disclosure. Typical examples include leaks of private communica-
tions, doxxing, targeted harassment and the selective release of truthful information designed to damage
reputations or manipulate public perception. In Wardle’s framework, some forms of hate speech and
harassment are included under malinformation, as individuals are often targeted based on real personal

attributes or affiliations that are mobilised to inflict harm. (Wardle and Derakhshan 2017)

Propaganda Closely related to these categories is propaganda, which Jowett and O’Donnell (2015)
define as a form of communication that seeks to achieve a response that furthers the desired intent of the
propagandist. It is deliberate and systematic in the sense that it is planned in advance, organised with
regularity and designed to shape perceptions, manipulate cognitions and direct behaviour. Propaganda
may rely on truthful, partially truthful or false content, since its defining property is not falseness but
the strategic orchestration of messages to secure an outcome advantageous to the source. In contrast,
persuasion is understood as an interactive process that attempts to satisfy the needs of both persuader and
persuadee rather than privileging the interests of one side. Rather than constituting a separate category
defined by falseness, propaganda operates as an overarching influence logic that strategically mobilises

these forms of information disorder within coordinated campaigns.

Information Disorder

Systematic

Propaganda

Mis- Dis- Mal-
information information information
Incidental

Figure 3: Conceptual model of information disorder, illustrating misinformation, disinformation, and malinforma-
tion along the dimensions of falseness and harm, with propaganda represented as a systematic influence logic that
can strategically mobilise all three forms (Source: adapted from Wardle and Derakhshan 2017.

Figure 3 summarises the conceptual relationships between the different forms of information disorder
discussed in this section. Misinformation and malinformation are distinguished by their position along
the falseness and harm dimensions, while disinformation occupies the intersection of false and harmful
content. Propaganda is depicted as an overarching, systematic mode of influence that operates across these
categories by coordinating and strategically deploying misleading or harmful information, regardless of

its factual status.

3.2 Phases of Information Disorder

Information disorder can be understood as unfolding across a sequence of analytically distinct but tightly

interrelated phases. Following Wardle and Derakhshan (2017), the life of an instance of information disor-
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der is conceptualised in terms of three phases: creation, production and distribution. The creation phase
concerns the formulation of an initial message, such as a fabricated claim, a rumour or a selectively framed
disclosure. In the production phase, this message is transformed into a media artefact that is formatted,
stylised and packaged for circulation. The distribution phase refers to the processes through which this
artefact is made public and propagated across communication channels. Importantly, these phases often
involve different agents with distinct roles and motivations, and once content enters the distribution phase,
it can be reproduced and redistributed by a potentially unbounded set of actors. Analysing information
disorder through this phased lens makes it possible to disentangle the heterogeneous contributions of
creators, producers and distributors and to trace how messages evolve as they circulate through digital

environments.

Online social media platforms have fundamentally altered the conditions under which information dis-
order spreads. Low publication barriers, algorithmically curated feeds and engagement-based visibility
metrics reshape which messages gain attention and how widely they circulate. False content systemati-
cally diffuses faster, reaches larger audiences and forms deeper diffusion cascades than verified informa-
tion (Vosoughi et al. 2018). Systematic reviews add to this perspective by showing that on social media,
the phases of creation, production and distribution increasingly collapse into a recursive process. Plat-
form affordances enable the same actors to create, stylise and redistribute content almost simultaneously,
while feedback from engagement metrics shapes subsequent message formulation (Aimeur et al. 2023;
S. Chen et al. 2023). Together, these dynamics help explain why information disorder propagates rapidly
and resists containment in online environments. Importantly, this process is not value-neutral. Platform
ownership structures, advertising-driven business models and opaque ranking algorithms systematically
shape visibility and amplification, embedding the distribution of information disorder within broader dy-

namics of platform power and computational propaganda (Fuchs 2018).

A phase-based perspective alone is insufficient to capture how information disorder operates. Follow-
ing Wardle and Derakhshan (2017), the analysis therefore also considers three constitutive elements that
shape how problematic content emerges, circulates and exerts influence: agents, messages and interpreters.
Agents create, shape and propagate content across phases, messages constitute the concrete communica-
tive artefacts, and interpreters actively evaluate and retransmit information based on prior beliefs and

contexts. Together, these elements provide the analytical structure for the following sections.

3.3 Agents as First Element of Information Disorder

Within Wardle’s framework, agents denote the actors who create, produce and distribute messages across
the phases of creation, production and distribution (Wardle and Derakhshan 2017). These agents are char-
acterised along several analytical dimensions, summarised in Table 1. Agents may be official or unofficial,
operate individually or within loosely or tightly organised networks, and act under different motivational
logics, including financial, political, social or psychological incentives. They further differ with respect
to their intended audiences, which may range from specific individuals to entire societies. Two additional
dimensions are analytically crucial for distinguishing forms of information disorder: whether an agent in-
tends to mislead and whether it intends to cause harm. Finally, agents vary in their degree of automation,

spanning purely human activity, hybrid human—software systems and fully automated bots. While all
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Table 1: Analytical dimensions for characterising agents in information disorder (Source: adapted from Wardle and
Derakhshan 2017).

Dimension Possible values

Type of actor Official, Unofficial

Level of organisation  Individual, Loosely organised, Tightly organised, Networked
Motivation Financial, Political, Social, Psychological

Intended audience Specific individuals, Social groups, Entire societies

Degree of automation =~ Human-operated, Hybrid human-software systems, Automated bots
Intent to mislead Yes, No

Intent to harm Yes, No

combinations of these characteristics are relevant in principle, the following sections focus on automated
agents operating with an intent to mislead and an intent to harm, as such agents have emerged as a cen-
tral mechanism through which information disorder is amplified at scale in contemporary social media

environments.

Distinction of agent terms A brief clarification of terminology is necessary. In Wardle’s framework,
an “agent” refers broadly to any actor, human or automated, involved in the creation, production or distri-
bution of content (Wardle and Derakhshan 2017). This differs from the generative agents introduced in
Section 2.4, which are LLM-driven constructs used for simulation. Whereas Wardle’s notion describes
real-world actors participating in information disorder, generative agents serve as a modelling abstraction

for studying behaviour within controlled computational environments.

3.3.1 Social Bots as Automated Agents in Information Disorder

Definition of bots Across computing and social science literature, the term bot is used for a heteroge-
neous set of automated software agents that act on online platforms without direct human intervention.
This umbrella category historically includes web crawlers, scrapers, spambots, chatbots and automated
accounts on social media (Gorwa and Guilbeault 2018). These systems vary markedly in structure and
function, which has contributed to persistent conceptual ambiguity in both academic and policy discus-

sions.

Definition of social bots Within this wider family, social media bots form a more specific category
tied to the basic elements of social platforms: users, content and relationships. L. H. X. Ng and Carley
(2025Db) state that these automated accounts should not be defined by their intentions, but by the platform
mechanics they can perform. Such accounts may create, distribute or collect content, and they may form
or dissolve relationships with other users. This view highlights that automation itself is neutral and that the
same technical capabilities can support notification services, information-provision tools, entertainment

bots or coordinated manipulation campaigns.

Despite this conceptual neutrality, the research landscape is dominated by cases in which automated

accounts are deployed in harmful or adversarial settings. Empirical studies show that such accounts
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are disproportionately active in political elections, public health crises, climate debates and financial
markets, particularly in contexts marked by controversy or high polarisation (K.-C. Yang et al. 2025).
Most misinformation on social media platforms such as Twitter is initiated or amplified by automated
agents rather than human users (Tomassi et al. 2024). This empirical concentration has reinforced the

association between bots and manipulation, although benign applications exist.

To maintain conceptual clarity, the term social bot is used here to refer specifically to automated social
media accounts that are deployed with manipulative or otherwise harmful intent. This operational defini-
tion reflects the dominant use case examined in contemporary research and aligns with the phenomena

analysed in this thesis.

Bot strategies Beyond definitional questions, social bots exhibit recurrent behavioural strategies that
shape their role in information operations. Coordinated deployments often follow staged patterns in which
bots initiate, accelerate and amplify information cascades, with early activity disproportionately targeting
the diffusion phase of low-credibility content (Shao et al. 2018; L. Xu 2023). To maximise propagation,
bots frequently direct attention towards influential users and strategically expand their networks through
interactions with high-profile accounts (Shao et al. 2018; Aiello et al. 2021). These behaviours can be
differentiated into four functional subclasses (Lopez-Joya et al. 2025). Spambots automate large-scale
content distribution with minimal interaction, overwhelming information spaces through high-volume
posting. Social manipulation bots influence collective dynamics by steering conversations, constructing
false narratives or amplifying social tensions. Personalised attack bots target specific individuals or small
groups through harassment, phishing, impersonation or other forms of targeted exploitation. Influence-
manipulation bots operate on platform metrics, artificially inflating followers, likes or engagement signals
in ways that distort perceived credibility and compromise ranking and recommendation systems. These
strategic patterns show that social bots operate not only as content distributors but as coordinated actors
that shape how information spreads, gains visibility and acquires perceived legitimacy within online social

networks.

3.3.2 Evolution into LLM-Powered Social Bots

Bot evolution The development of social media bots shows a gradual progression from simple automa-
tion to increasingly adaptive and human-like systems. Early bots on platforms such as Twitter were rudi-
mentary programs that mainly posted content automatically at very high frequencies, making them easy
to detect through basic behavioural heuristics (Ferrara, Varol, et al. 2016). Honeypot deployments in the
early 2010s confirmed this simplicity by attracting large numbers of automated accounts that followed
predictable, indiscriminate engagement routines (Lee et al. 2021). As bot makers sought to evade such
detection, these systems began to emulate human temporal rhythms by scheduling posts around typical
activity patterns and producing bursts of engagement that resembled organic behaviour (Ferrara, Varol,
et al. 2016). They also populated profiles with scraped media and text and adopted basic social actions
such as following, commenting and replying, allowing automated accounts to appear more coherent and

blend more easily into everyday interactions (Hwang et al. 2012).

By the early 2010s, these developments had produced a second generation of bots capable of infiltrating
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topical discussions, generating topically appropriate content and forming plausible social connections. Re-
search on bot detection expanded in parallel, accelerating after the 2016 US presidential election, when
automated accounts were shown to amplify polarising narratives and disinformation at scale. A third
wave of bots emerged from 2016 onwards, characterised by coordinated inauthentic behaviour, hybrid
human—automation control and increasingly convincing linguistic and behavioural mimicry. These sys-
tems undermined early supervised detectors that assumed clear separability between bots and humans:
while older bots were easily recognised, newer ones evade removal and are correctly identified by human

annotators only in a minority of cases. (Cresci 2020)

The progressive sophistication of bots produced a corresponding shift in detection approaches. From 2012
onward, group-based detectors that analyse synchronised posting patterns, shared metadata structures and
coordinated behaviours became prominent, reflecting the insight that modern bots often operate not as
isolated accounts but as parts of larger botnets designed to manipulate information flows collectively. At
the same time, the globalisation of bot activity accelerated: by 2018, political manipulation by social bots
had been documented in nearly forty countries, and open-source repositories for deploying Twitter bots
grew rapidly, increasing from over 4,000 in 2016 to more than 40,000 by 2018. (Cresci 2020) Overall,
these trends illustrate a long-running arms race in which advances in automation continually outpace
detection practices. They also establish the historical foundation for the emergence of LLM-based social

bots, whose capabilities further disrupt established distinctions between human and automated agency.

LLM-powered social bots LLMs have introduced a qualitatively new form of automation that builds
directly on the properties discussed in Section 2.1: LLMs generate text that is coherent, contextually
adaptive and, for many tasks, indistinguishable from human output. When embedded into social media
accounts, these capabilities allow bots to participate in discussions with a degree of linguistic fluency and
situational responsiveness that earlier systems could not achieve (Lopez-Joya et al. 2025; Yizhou Zhang
et al. 2024). Experimental evidence indicates that human users identify such LLM-powered social bot
accounts only marginally above chance (Radivojevic et al. 2024), and prompting techniques can further
condition behavioural style, making realism an adjustable design parameter rather than a technical limit
(L. H. X. Ng and Carley 2025b). These developments substantially narrow the behavioural gap between
social bots and humans, reducing the effectiveness of earlier bot taxonomies that relied on clear distinc-
tions between them (Lopez-Joya et al. 2025). At the same time, the accessibility of LLM technology
lowers the barrier to creating automated accounts, enabling both a proliferation of simple, low-cost bots
requiring minimal expertise and the emergence of increasingly sophisticated agents that emulate human

behaviour (Imperva 2025).

LLMs and the detection arms race This shift has significant implications for detection. All bot de-
tection methods, whether based on content, temporal rhythms, network structure, interaction patterns or
aggregated feature sets, implicitly depend on a separable boundary between human-like” and "bot-like”
behaviour (Ferrara, Varol, et al. 2016). LLM-powered social bots push automated behaviour closer to the
human side of this feature space: their linguistic variability weakens content-based cues, their adaptive
posting rhythms undermine temporal heuristics and their coherent conversational replies reduce the reli-

ability of interactional signals (Lopez-Joya et al. 2025). A further difficulty arises from their stochastic
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generation process. LLMs introduce controlled randomness that breaks many of the patterned signatures
on which detection algorithms rely. The challenge is not that detection becomes impossible, but that
LLMs shift the underlying behavioural distributions such that previously valid decision boundaries no
longer hold. At the same time, LLMs reshape the detection landscape itself. The generative capabilities
that enable more evasive bots can also be incorporated into advanced detection systems, making LL.Ms
a dual-use technology and marking the latest iteration of the ongoing arms race between bot creation,

evasion and detection (Cresci 2020; Feng et al. 2024).

Scale and systemic effects Automation now operates at a scale that materially alters the conditions of
online interaction. In 2024, automated traffic surpassed human traffic, accounting for 51% of all web
activity, driven in part by the rapid diffusion of Al and LLM-based tooling. Levels of malicious automa-
tion have increased accordingly, with harmful automated activity now representing an estimated 37% of
global internet traffic, up from 32% in the previous year. (Imperva 2025) Longitudinal studies likewise
document sustained growth in the volume, sophistication and reach of automated agents across platforms
(Cresci 2020). Social media exhibits the same tendency: automated accounts commonly make up 20%
of users, rising to more than 40% in politically charged contexts such as national elections (L. H. X. Ng
and Carley 2025b). As such activity expands, the distinction between human and synthetic actors be-
comes increasingly difficult to maintain, and the reliability of authenticity cues erodes. This contributes
to declining user trust, more guarded interaction and a pervasive uncertainty about who or what populates
public platforms (Cresci 2020; Radivojevic et al. 2024). These developments resonate with "dark forest”>
and “dead internet” (Muzumdar et al. 2025; Sommerer 2025) interpretations of the contemporary web,
in which automated activity is pervasive, human presence becomes opaque, and users gradually retreat

from open, high-risk spaces of interaction.

3.4 Messages as the Second Element of Information Disorder

In the information disorder framework, messages denote the concrete artefacts through which information
disorder becomes observable. They include spoken rumours, text posts, articles, memes, images, videos
and hybrid media formats. Messages constitute the second element of the framework and occupy an
intermediate position between agents and interpreters. They express the intentions of agents and serve
as the stimuli that interpreters evaluate and make sense of. Wardle characterises messages along several
degrees of freedom: their format, their durability over time, their level of accuracy, their legality, whether
they impersonate official sources and the target they address. These dimensions help to distinguish, for
instance, between short-lived rumours and long-running conspiratorial narratives, or between inaccurate

information and impersonated official communication. (Wardle and Derakhshan 2017)

For present purposes, two additional dimensions are analytically necessary. First, messages vary systemat-
ically in their fopic: disinformation clusters around certain issue domains, and this topical focus strongly
shapes both audience reactions and the strategic deployment of automated agents. Second, messages
differ in their narrative style or framing. Wardle notes that effective disinformation tends to provoke emo-

tion, offer strong and easily grasped narratives, rely on compelling presentation and use repetition, a set of

% https://ystrickler.medium.com/the-dark-forest-theory-of-the-internet-7dc3e68a7cb1
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Table 2: Analytical dimensions for characterising messages in information disorder (Source: adapted from Wardle
and Derakhshan 2017).

Dimension Possible values

Format Textual, Audio, Visual, Audiovisual

Durability Single Moment, Short-term, Event-based, Long-term

Target of message Individual, Organisation, Social group, Entire society

Topical domain Health, Science, Politics, Social Issues, Economy, Finance, Disas-
ter/Tragedy, Other (Celebrity Rumors, Conspiracy Theories)

Narrative style Neutral, Emotional-moral, Post-truth populist, Pseudo-scientific,
Repetitive, ...

properties that reflects broader stylistic strategies through which messages frame events, signal authority
or invite readers to fill interpretive gaps (Wardle and Derakhshan 2017). Conceptualising these patterns
as narrative styles has the additional benefit of subsuming several of Wardle’s original message variables.
Both the level of accuracy of a message, ranging from fabricated content to truthful but harmful malin-
formation, and its imposter characteristics emerge as consequences of stylistic choices, such as asserting
claims with unwarranted confidence, appealing to pseudo-authority or mimicking institutional language.
Legal status similarly follows from narrative construction, as messages may deliberately adopt forms that
violate legal boundaries, for example, through harassment, hate speech or impersonation. Treating accu-
racy, impersonation and legality as aspects of narrative style therefore provides a more unified lens on
how messages are constructed and why they succeed. Table 2 summarises the resulting set of message
dimensions used in the present analysis. The following subsections examine, first, the topical domains in
which misinformation clusters and, second, the principal narrative styles through which such messages

are articulated.

3.4.1 Topics of Misinformation

Empirical analyses show that misinformation on social media is not evenly distributed across subject areas
but clusters around a relatively stable set of domains. A large-scale mapping of information disorder by
Tomassi et al. (2024) identifies six broad topical clusters that account for the vast majority of misleading

content circulating across major platforms.

The most prominent category is Health and Science, driven in recent years by the COVID-19 pandemic,
debates about vaccines and pharmaceuticals, climate change, and other scientifically framed controver-
sies. This domain attracts high volumes of mis- and disinformation, including conspiracy theories about

biotechnology and “’big pharma” as well as alternative or pseudo-scientific claims. (Tomassi et al. 2024)

A second major cluster concerns Politics. Misinformation in this domain centres on electoral processes,
geopolitical conflicts and partisan narratives. Prominent examples include the Brexit referendum, the
2016 and 2020 US elections, allegations of foreign interference, nationalist movements and dissident
activity (Tomassi et al. 2024). Complementary evidence from social bot research shows that political

elections are the most consistently bot-saturated environments, with automated accounts active across
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US, French and German national elections (K.-C. Yang et al. 2025).

Social Issues form a third recurring domain, covering topics such as migration, race, religion, gender,
poverty and conflict. These issues regularly trigger strong value-laden reactions, which platforms’ shar-
ing dynamics further amplify. As Tomassi et al. (2024) note, topics that touch upon identity or moral
commitments often elicit rapid, affect-driven responses, making them highly susceptible to organic and

automated amplification.

Two smaller but persistent clusters concern Economy and Finance, including financial markets as well
as cryptocurrencies, and a heterogeneous Other category that aggregates celebrity rumours, conspiracy

theories that fall outside the major domains and various internet hoaxes (Tomassi et al. 2024).

The least represented but still relevant category is Disasters and Tragedies, encompassing criminal events,
terrorist attacks and natural disasters. Although such events attract intense public attention, they tend
to generate less misinformation overall, possibly because empathetic proximity and the absence of con-
tentious identity or ideological stakes reduce the incentives and opportunities for strategic manipulation
(Tomassi et al. 2024). Evidence from bot analyses corroborates this distribution: automated accounts are
most active in political, health-related and socio-cultural debates, and considerably less present around

non-controversial crises or humanitarian disasters (K.-C. Yang et al. 2025).

Structural drivers of misinformation vulnerability The domains discussed above share several prop-
erties that make them especially susceptible to misinformation. Many are broad, complex and difficult
for non-experts to evaluate. When events unfold quickly or when evidence shifts, people lack stable ref-
erence points for evaluating claims, making simple and confident narratives easier to accept. (Prooijen
and Douglas 2017; Adams et al. 2023). The early phases of the COVID-19 pandemic illustrate this well.
Scientific updates were frequent and sometimes inconsistent, creating confusion that misleading claims
could readily exploit (Piltch-Loeb et al. 2023).

These topics are also highly polarising. Issues tied to identity, values or worldviews evoke strong emo-
tional responses, and these reactions shape how new information is interpreted. Research repeatedly
finds that people are more receptive to claims that fit their existing views and more critical of those that
do not, across both political debates and science-related controversies (Flynn et al. 2017; Lewandowsky,
Ecker, and Cook 2017; Van Bavel et al. 2021; Scheufele and N. M. Krause 2019). Topics that evoke such

reactions, therefore, create fertile ground for selective acceptance and resistance to correction.

A third factor is novelty. When an issue is new or information is scarce, data voids emerge. People search
for explanations, but credible content is limited or absent. In such situations, misleading material faces
little competition and can spread quickly, anchoring public understanding before authoritative information
becomes available. (Flores-Saviaga et al. 2022; Mannino et al. 2025; Piltch-Loeb et al. 2023) These

dynamics make newly emerging or rapidly evolving topics especially vulnerable.

Finally, misinformation clusters where strong incentives exist to influence public belief. Political actors,
economic interests and organised groups often have clear goals tied to shaping perceptions, and these in-
centives drive systematic production, amplification or strategic framing of misleading content. Examples

range from long-running campaigns against climate science to coordinated attempts to dominate search
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results or reshape online discussions (Lewandowsky, Ecker, and Cook 2017; Tucker et al. 2018; Mannino
et al. 2025). Topics connected to such incentives, therefore, attract sustained and targeted misinformation

efforts.

3.4.2 Narrative Styles of Misinformation

Alongside topical focus, misinformation is shaped by how claims are narratively constructed. In fast-
paced online environments, narrative form strongly influences how messages are interpreted, shared and
believed. Misleading content, therefore, relies on recurring narrative patterns that simplify complexity,
evoke intuitive responses and stabilise perceived credibility. The following sections outline four narrative
styles that commonly structure misinformation online, not as an exhaustive typology but as one analyti-

cally useful synthesis of recurring rhetorical patterns.

Emotional-moral framing A first narrative style relies on moral and emotional intensification to trig-
ger rapid, intuitive judgments. Messages foreground discrete emotions such as anger, outrage, pride,
enthusiasm or sadness rather than extended argumentation. Empirical studies show that such emotional
cues substantially increase diffusion on social platforms, though effects vary by emotion. Analyses of
Facebook content during the Brexit referendum find that anger, enthusiasm and pride significantly boost
engagement, while fear has little effect (Bil-Jaruzelska and Monzer 2022). Large-scale Twitter analyses
similarly demonstrate that moral-emotional language strongly amplifies sharing, with each additional
moral-emotional word increasing retweet rates and particularly reinforcing in-group diffusion (Brady et
al. 2017).

Emotional framing is especially effective under conditions of low identity visibility or limited attention.
Research on COVID-19 misinformation shows that emotionally charged posts spread their effect most
strongly among anonymous users, who are more likely to mirror the emotional tone of a discussion (C.
Chen et al. 2021). Complementary evidence from Facebook news diffusion indicates that discrete emo-
tions systematically shape engagement patterns, with sadness emerging as a particularly strong driver of
sharing and commenting, while positive emotions are more closely associated with lightweight reactions
(Choi et al. 2021). More broadly, emotion-based appeals are, on average, more persuasive than purely
cognitive ones, especially in collectivistic contexts, indicating that emotional framing operates primarily

through intuitive evaluation rather than detailed reasoning (W. J. R. Ng et al. 2024).

Humour and satire frequently appear within emotionally framed misinformation, particularly in meme-
based formats. Political memes use humorous simplification, exaggeration and emotional cues to attract
attention and engagement, most effectively within ideologically aligned communities (AlAfnan 2025).
Related work shows that humour and visual condensation make misleading messages quickly intelligible
and emotionally charged, despite limited argumentative depth (Dimitrov et al. 2021; Fiadotava et al. 2023).
Experimental studies of political satire further indicate that humorous framing increases enjoyment and
absorption while also cueing discounting and counterarguing, resulting in persuasive effects that depend

strongly on audience predispositions (Boukes et al. 2015).
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Post-truth populist narration A second narrative style can be described as post-truth populist narra-
tion. It combines elements of populist communication, such as opposition between “the people” and
“elites”, crisis-oriented storytelling and affective appeals, with a post-truth orientation in which factual
accuracy becomes secondary to emotional plausibility and narrative resonance. Rather than presenting
coherent arguments, messages rely on short factual fragments anchored in a grain of reality and embedded
in suggestive storytelling. Context is selectively omitted, causal relations remain vague, and audiences

are invited to supply missing connections themselves. (Dradvucz and Kocollari 2023)

A defining feature of this style is the systematic erosion of evidentiary norms. Analyses of Trump’s
conspiracy-laden political rhetoric show that claims are introduced through vague hearsay ("people are
saying”), never fully owned or substantiated and continuously shifted, withdrawn or reframed, such that no
stable proposition emerges that could be directly evaluated or fact-checked. At the same time, institutions
that would normally anchor truth claims, such as the press, courts or expert bodies, are portrayed as
untrustworthy or hostile, encouraging audiences to rely on intuition and suspicion rather than verification.
(Neville-Shepard 2019)

This narrative logic creates alternative epistemic environments in which rumours, emotionally charged
mini-stories and attacks on expertise displace evidence-based reasoning. Research shows that misleading
claims can persist in such settings even when corrective information is available, because competing
narratives and ongoing attention keep initial impressions salient and limit belief revision (Lewandowsky,
Ecker, and Cook 2017; Graham 2024).

At the message level, post-truth populist narration relies heavily on half-truths. These hybrid factual-fic-
tional fragments foreground a real detail while omitting context or adding speculative elements. They
achieve plausibility by resonating with existing emotions and worldviews and resist correction through

“yes, but” dynamics that keep interpretations open and adaptable. (Gess 2021)

Pseudo-scientific authority cues A third narrative style relies on mimicking the surface features of sci-
entific authority to generate an illusion of credibility. Messages adopt confident, technical language and
present claims as expert knowledge while leaving underlying evidence vague or unspecified. Research
on so-called “pseudo-profound” statements shows that many people judge technical-sounding but seman-
tically empty claims as meaningful and insightful, particularly when they rely on intuitive rather than
analytic processing (Pennycook, Cheyne, et al. 2015). Susceptibility to such pseudo-scientific language
appears to be a stable individual tendency and is associated with greater receptivity to conspiracy beliefs,
alternative medicine and other epistemically weak claims (Iacobucci and Cicco 2022; Pennycook and
Rand 2017).

This receptivity is exploited by misinformation that appropriates scientific form without adhering to scien-
tific standards. Studies show that misleading content frequently invokes alternative or unnamed experts,
selectively quotes legitimate research, or contrasts allegedly honest outsider expertise with a corrupt sci-
entific mainstream, thereby constructing an appearance of objectivity and empirical grounding without
providing verifiable evidence (Hameleers and Goot 2024; Teneva 2021). Analyses of COVID-19 mis-
information networks further demonstrate how pseudo-scientific websites, decontextualised studies and

institution-like language are mobilised to legitimise claims rejected by the scientific community, with
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scientific framing lending durability and credibility to otherwise marginal narratives (Piaia et al. 2023).

Perceived credibility is further increased by stylistic cues such as numerical claims, references to studies
and an authoritative tone. Empirical work shows that such technical framing increases the perceived accu-
racy and persuasive power of misinformation even when evidence is weak, fabricated or entirely absent,
with fabricated statistics and invented quantitative claims playing a particularly strong role (Savolainen
2023; Timm et al. 2025).

More generally, sociological accounts show that authoritative discourse can be convincingly produced
without corresponding practical expertise. Familiarity with a domain’s language and conventions allows
speakers to perform expertise independently of genuine competence, enabling technical vocabulary, in-
stitutional references and abstract formulations to signal depth and authority while avoiding scientific
accountability (Collins 2017).

Repetitive factual-sounding assertions A fourth narrative style relies on repetition and a factual-
sounding presentation to cultivate familiarity and perceived truth. A large body of research shows that
repeated exposure to a claim increases its perceived accuracy through the illusory truth effect, even after a
single prior encounter. Experimental studies demonstrate that repetition reliably raises perceived truthful-
ness by increasing processing fluency, making people more willing to accept and share claims regardless
of their plausibility. (Pennycook, Cannon, et al. 2018; Vellani et al. 2023)

This effect is robust across knowledge levels and content types. Repetition increases perceived truth
even when people possess correct information and also extends to opinion statements, because familiarity
often guides judgment more strongly than careful evaluation (Fazio et al. 2015; Unkelbach et al. 2019;
Riesthuis and Woods 2023). The effect further scales with repetition frequency. Perceived truth rises
sharply after the second exposure and continues to increase with additional repetitions, allowing simple,

repeated claims to quickly acquire a sense of established validity (Hassan and Barber 2021).

Repetition also contributes to the persistence of misinformation in the face of correction. Misleading
claims often continue to shape beliefs after retractions, as familiarity and coherence generated by rep-
etition sustain their influence over time (Lewandowsky, Ecker, Seifert, et al. 2012; Ecker et al. 2022).
Numerical claims are particularly resistant, since initial figures act as anchors that bias subsequent judg-
ments even when corrections are encountered, or sources are distrusted (Stubenvoll and Matthes 2022).
These dynamics are reinforced by confirmation bias, which stabilises repeated claims within existing

belief structures and limits the impact of corrective information (Y. Zhou and Shen 2022).

3.5 Interpreters as the Third Element of Information Disorder

In Wardle’s framework, interpreters denote the audiences who encounter messages and actively make
sense of them (Wardle and Derakhshan 2017). Audiences are not passive recipients of information but
consist of individuals whose interpretations are shaped by socio-cultural position, political orientation
and personal experience. Meaning, therefore, does not reside in messages alone but emerges through
interpretation, mediated by prior beliefs, identity commitments and social context. As a result, the same
message may prompt endorsement, rejection, reinterpretation or silence, depending on how it aligns with

an interpreter’s worldview and perceived social environment. Importantly, interpreters can themselves
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become agents. By choosing whether and how to share a message, they may reinforce, contest or reframe
it, feeding interpretation back into the circulation of content and closing the cycle between messages,

interpreters and agents.

From an analytical perspective, interpretation operates at two interlinked levels. At the system level,
collective patterns of opinion formation and diffusion emerge from repeated interactions between individ-
uals embedded in social networks. At the individual level, interpretation depends on cognitive processing
routes, identity considerations and perceived social pressures. The following subsections address these
levels in turn. First, established models of opinion dynamics are reviewed as formal representations of
how beliefs evolve and stabilise in populations. Second, complementary theories of individual-level inter-
pretation are introduced to explain how messages are cognitively and socially processed within a single

interpreter.

3.5.1 Opinion Dynamics as System-level Models of Interpretation

At the system level, interpretation can be formalised through opinion dynamics models, which belong
to the tradition of classical agent-based modelling (see Section 2.3), in which agents follow simple local
update rules and collective patterns emerge from repeated interaction. This perspective is closely aligned
with a statistical-physics approach to social dynamics, which studies how macroscopic regularities arise
from the interaction of many simple units (Castellano et al. 2009). Opinion dynamics models examine
how local exchanges between interpreters aggregate into population-level outcomes such as consensus,

polarisation or fragmentation.

Assumptions Despite their diversity, most opinion dynamics models rest on two shared assumptions
(Schawe and Herndndez 2022). First, interaction is shaped by homophily: individuals are more likely
to attend to, engage with or be influenced by others whose opinions are similar to their own. Second,
interaction entails social influence: when individuals do interact, they tend to adjust their opinions in
response to those they encounter. When interaction occurs, individuals typically adjust their opinions
incrementally rather than fully adopting or rejecting others’ views, taking external opinions into account

to a limited extent when forming their own.

Discrete and continuous representations of opinion Opinion dynamics models can be divided into
Discrete or binary models that represent opinions as categorical states, capturing whether individuals
hold one position or another. While analytically convenient, such representations are limited in their
ability to describe gradual attitude change. Continuous opinion dynamics models address this limitation
by representing opinions as scalar values that can shift incrementally through interaction. (Martins 2008)
The central concern of continuous opinion dynamics is how collective opinion configurations emerge from
repeated local interaction. Given a population of interacting agents, the models examine which patterns
of fragmentation arise and under what conditions special cases such as consensus or polarisation occur.
(Hegselmann and U. Krause 2002) Figure 4 provides an overview of this conceptual progression, showing

the path from continuous opinion dynamics to bounded confidence and its two canonical formulations.
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Figure 4: Taxonomy of opinion dynamics models highlighting the conceptual path from continuous representations
and similarity-biased influence to bounded confidence and its two most prominent formulations, the Deffuant—
Weisbuch and Hegselmann—Krause models.

Assimilative, similarity-biased and repulsive influence Different assumptions about how social influ-
ence operates give rise to three classes of continuous opinion dynamics models (Flache et al. 2017). Mod-
els of assimilative social influence assume that interaction between connected individuals always reduces
opinion differences, which, under sufficient connectivity, leads to consensus. Models with similarity-
biased influence restrict influence to sufficiently similar others, reflecting mechanisms such as confidence,
identity or issue involvement, and can therefore produce stable opinion clusters and fragmentation instead
of consensus. Models with repulsive influence further allow interaction with highly dissimilar others to
increase opinion distance, capturing backlash effects and enabling persistent polarisation with opposing
clusters. Despite these differences, all three classes share a common modelling principle in how opinions

are updated through social interaction.

At this abstract level, opinion formation is neither simple adoption nor complete disregard of others’ views.
Instead, agents assign different weights to the opinions they encounter and update their own position
accordingly. Opinion dynamics are therefore modelled as an averaging process that is iterated over time.
While such averaging might intuitively be expected to drive opinions toward consensus, even simple
formulations can give rise to complex collective behaviour once interaction weights depend on time or

on the current configuration of opinions. (Hegselmann and U. Krause 2002)

General model of continuous opinion dynamics To formalise continuous opinion dynamics, consider
a group of n agents among whom repeated processes of opinion formation take place. Time evolves in
discrete time steps t € N>g. The opinion of agent 7 at time ¢ is represented by a real-valued scalar
z;(t) € R. The vector

z(t) = (z1(t), ..., zn(t)) (1)

defines the opinion profile of the population at time ¢. Opinion updating is governed by weights a;; that

quantify how much an agent i takes the opinion of another agent j into account. These weights satisfy
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the conditions of non-negativity and normalisation,

n
aij >0 Vi,j and Y aj;=1 Vi ()
j=1
so that each agent forms a convex combination of the opinions available to it. The update rule for agent ¢

at time ¢ 4+ 1 can then be written as

l‘i(t + 1) = Zaij . :Ej(t). (3)
7j=1

Crucially, the weights need not be constant. They may depend on time or on the current opinion profile
itself, allowing interaction patterns to change as opinions evolve. Collecting all weights into a matrix
A(t,z(t)) = (ai;(t,z(t))) yields a row-stochastic influence matrix. Using matrix notation, the general

model of continuous opinion dynamics can be written as

x(t+1)=A(t,z(t)) -x(t) for teT. 4)

The central analytical question concerns the asymptotic behaviour of the opinion profile generated by this
dynamics. Given an initial opinion profile z(0) and a specification of the influence weights as weight
matrix A, one asks what can be said about x(¢) as ¢ — oo. In particular, under which conditions does the

population converge to a consensus ¢ € R, that is,
lim z;(t) =c Vie{l,...,n}, (5)
t—o00

and under which conditions does convergence fail. (Hegselmann and U. Krause 2002)

Opinion fragmentation corresponds to limit configurations in which this condition is violated. Instead of
collapsing to a single shared value, the opinion profile converges to multiple distinct values or clusters,
or fails to converge altogether. Analysing the limit behaviour of z(t) therefore provides a formal way to
distinguish consensus, clustering, polarisation, and persistent disagreement within a unified dynamical
framework. Within this general formulation, different modelling assumptions correspond to different

specifications of the weight matrix. (Hegselmann and U. Krause 2002)

Bounded confidence models Inside the class of similarity-biased influence models, most attention
has been devoted to models operating under bounded confidence. These models implement homophily
through an explicit threshold mechanism. Agents interact only with others whose opinions lie within a
predefined confidence bound. This reflects the empirical observation that individuals tend to disregard

opinions that deviate too strongly from their own. (Lorenz 2007)

Formally, bounded confidence can be introduced as a specialisation of the general model by allowing
interaction weights to depend on opinion distance. For this purpose, ¢; € R~ >, called "uncertainty”
or "tolerance”, is introduced for each agent ¢. At time ¢, agent ¢ only interacts with those agents j whose

opinions z () are close enough to his own opinion x;(t) by satisfying the condition |z;(t) — x;(t)| < &;.
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(Hegselmann and U. Krause 2002)

For a given agent ¢ and opinion profile z(t), the set of agents that are inside the tolerance to influence his
opinion is given by
16 x(t) = {1 <j <nl|ei(t) —2;(t)] <&} (6)

Within this set, influence is assumed to be uniform, while all other agents exert no influence. Substituting

this specification into the general update rule yields the bounded confidence model,

1

zi(t+1) = T2

Z zj(t) for teT, 7

JEI(i,z(t))

where |I(i,z(t))| denotes the number of agents within the confidence set. (Hegselmann and U. Krause
2002)

Deffuant—-Weisbuch and Hegselmann—-Krause models Among bounded confidence models, two for-
mulations have received particular attention. The Deffuant—Weisbuch (DW) model (Deffuant, Neau, et
al. 2000) applies the confidence set (I (i, x(¢))) in a pairwise and stochastic manner. At each time step,
a randomly selected pair of agents interacts, and opinions are updated only if both agents fall within
each other’s confidence bounds. In contrast, the Hegselmann—Krause (HK) model (Hegselmann and U.
Krause 2002) implements the same confidence set synchronously. At each time step, every agent updates
its opinion by averaging over all agents in (I (¢, z(t))) simultaneously, exactly as specified in the bounded
confidence update rule above. The two models thus differ in interaction structure and temporal organisa-
tion, sequential and local in the DW model, parallel and global in the HK model, while instantiating the

same similarity-biased influence mechanism.

Extensions of bounded confidence models Beyond the baseline bounded confidence formulation, a
range of extensions has been proposed to capture additional aspects of social interpretation. Existing
work has examined the role of non-uniform initial opinion distributions, the extension from scalar to mul-
tidimensional opinion spaces, heterogeneous confidence bounds across agents, the embedding of bounded
confidence dynamics in explicit social networks, and models in which interaction networks coevolve with

opinions through rewiring mechanisms (Lorenz 2007).

Among these, two extensions are particularly relevant for understanding information disorder in online
environments. First, heterogeneous confidence bounds allow agents to differ in openness, capturing the
presence of narrow-minded individuals who are resistant to influence. Even small fractions of such agents
can stabilise extreme positions and prevent consensus, providing a mechanism for the persistence of ex-
tremism (Deffuant, Amblard, et al. 2002). Second, adaptive bounded confidence models allow opin-
ion dynamics and network structure to coevolve. In these models, agents update their opinions through
bounded-confidence interactions while simultaneously modifying their social ties by breaking links to
neighbours with sufficiently discordant opinions and forming new connections according to homophily.
This coupling of opinion change and adaptive rewiring alters both convergence conditions and long-run
outcomes, facilitating the formation of internally coherent groups, slowing or preventing global consen-

sus, and sustaining fragmented or polarised configurations that resemble echo chambers. (Kozma and
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Barrat 2008; Del Vicario et al. 2017; Kan et al. 2023)

3.5.2 Individual-level Interpretation and Susceptibility to Influence

While opinion dynamics models capture how beliefs evolve at the collective level, they abstract away
from the mechanisms through which individual interpreters make sense of messages and decide how to
respond to them. Communication, media and social psychology provide complementary perspectives by
focusing on interpretation as a situated process shaped by cognition, identity and social context. Rather
than treating exposure as sufficient for belief change, these approaches emphasise that meaning is actively
constructed at the point of reception, and that the same message can be interpreted, evaluated and acted
upon in markedly different ways. The following perspectives specify key dimensions of this process, ad-
dressing how meaning is decoded, how persuasive influence operates under different cognitive conditions,

and how social visibility shapes the public expression of beliefs.

Encoding-decoding model Stuart Hall’s encoding—decoding model (Hall 1973) offers a clear way of
thinking about individual-level interpretation. Hall argues that communication should not be understood
as a simple transmission from sender to receiver. Instead, messages are encoded by producers using
particular meanings and assumptions, and then decoded by audiences under different social, cultural and
experiential conditions. Because these conditions differ, the meaning intended by the sender does not
automatically determine how a message is understood. Interpretation is therefore an active process rather
than a passive reception. Hall distinguishes three typical ways in which audiences may decode a message.
In a dominant reading, the audience largely accepts the intended meaning of the message. In a negotiated
reading, the audience broadly understands and accepts the message but adapts it to their own situation or
makes local exceptions. In an oppositional reading, the audience understands the intended meaning but
rejects it and interprets the message from an alternative perspective. These positions illustrate that the

same message can lead to different interpretations depending on prior beliefs, identity and social context.

Elaboration Likelihood Model The Elaboration Likelihood Model (ELM) (Petty and Cacioppo 1986)
provides a complementary cognitive account of how individual interpreters process persuasive messages
and why the same content can have very different effects across audiences. The core claim of the ELM is
that persuasion can occur via two qualitatively different processing routes, depending on an individual’s
motivation and ability to engage with a message. When motivation and cognitive resources are high, indi-
viduals follow the central route and evaluate the quality and relevance of arguments in a relatively effortful
manner. Attitude change along this route is driven by reasoning and tends to be more stable, resistant to
counterpersuasion and predictive of behaviour. When motivation or ability is low, individuals rely on
the peripheral route, in which attitudes are shaped by simple cues rather than argument scrutiny. Such
cues include emotional tone, repetition, source attractiveness or perceived expertise. Attitude changes
produced via the peripheral route are typically more fragile and context-dependent. The ELM clarifies
why emotionally framed, authoritative-looking or frequently repeated misinformation can be influential
even in the absence of strong evidence, and why susceptibility to such messages varies systematically

across interpreters and situations.
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Spiral of silence The spiral of silence theory (Noelle-Neumann 1974) adds a social visibility mech-
anism to individual-level interpretation. Individuals are assumed to continuously monitor their social
environment to estimate which opinions are dominant and which are gaining momentum, using a quasi-
statistical sense of the prevailing opinion climate. Because social isolation is perceived as costly, will-
ingness to express a view publicly depends on this perceived climate. If individuals believe their view is
widespread or becoming more accepted, they are more likely to speak up. If they believe their view is
losing ground, they tend to remain silent. This asymmetry generates a feedback loop in which frequently
expressed opinions become increasingly visible and appear even more dominant, while alternative views
fade from public discourse and are perceived as marginal. This mechanism helps explain why misinfor-
mation can appear broadly accepted despite private disagreement, and why interpreters influence not only

belief dynamics but also the visibility conditions that shape subsequent interpretation.

To summarise, individual-level interpretation is neither uniform nor purely cognitive. Messages are de-
coded through culturally and socially situated frameworks, processed via different cognitive routes de-
pending on motivation and ability, and selectively expressed or withheld in response to perceived opinion
climates. Together, these mechanisms explain why identical messages can lead to endorsement, resistance

or silence, and why belief change cannot be inferred from exposure alone.
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4 Related Work

This section situates PersuaRealSim within prior work on opinion dynamics, social media simulation,
and computational models of social-bot influence. The reviewed literature is intentionally restricted to ap-
proaches that model opinion dynamics or influence relevant behaviour in social-media-like settings, either
as ABM, as generative social simulations, or as social-bot-oriented sandboxes that implement platform
interaction environments. While a broader body of work exists on social simulation and learning from
belief-change data, this section focuses on studies that combine social interaction, opinion dynamics, and
platform abstractions relevant to social media. Within this scope, prior work varies substantially in how
beliefs are represented, how agents are designed, how interaction environments are structured, and how
influence is operationalised. Accordingly, the section is organised along conceptual and methodological

dimensions most relevant to the design choices of PersuaRealSim.

4.1 Stylised LLM-Based Opinion Dynamics Models

A first line of work investigates opinion dynamics in stylised networks of generative agents without recre-
ating full social media platforms. This literature is closely connected to classical opinion dynamics mod-
elling discussed in Section 3.5.1. It operationalises influence through repeated micro-interactions, but
typically uses categorical belief states or heuristic update constraints and does not derive initial stances
from persona distributions. PersuaRealSim instead treats belief as a continuous stance tied to persona
sampling and studies how language-level messaging strategies translate into stance trajectories within a

platform environment.

Within this line of work, a first group relies on random peer-to-peer interactions without meaningful net-
work structure, following the DW model introduced in Section 3.5.1. Chuang et al. (2024) simulate ten
generative agents that interact through purely random pairwise encounters, role-play simple personas, and
express their stance via tweet-like verbalisations that are mapped to five discrete opinion categories by an
auxiliary LLM-classifier. Their evaluation focuses on opinion distributions and agent-level trajectories
over time, which is also a central evaluation signal in the present thesis. Yuhan Liu et al. (2024) adopt
a similar random-interaction design but frame belief change through an epidemiological state-transition
logic. Agents equipped with Big-Five-based personas transition between susceptible, influenced, and re-
sistant belief states as the LLM reflects on daily conversations, while an “official spokesperson” agent
periodically injects corrective information. Their analysis likewise traces individual and collective opin-
ion trajectories as a central outcome measure. In both studies, however, initial beliefs are not derived
from persona attributes, and stance updates result directly from unconstrained LLM prompting. In line
with the validity concerns discussed in Section 2.8, J. Zhou et al. (2025) show that the belief convergence
reported by Yuhan Liu et al. (2024) is largely induced by explicit instructions to exhibit confirmation
bias, violating the Minimal-Control principle and pointing to prompt-driven rather than emergent belief

dynamics.

A second group incorporates explicit network topologies and recommendation-driven interactions to
move closer to social-media-like conditions. C. Wang et al. (2025) place generative agents in a structured
graph and use a recommendation mechanism to select interaction partners, combining LLLM-based stance

updating with a bounded-confidence constraint that determines whether influence is allowed. Agents hold
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discrete opinion values ranging from —2 to 2, but initial beliefs are drawn from uniform distributions and
are not informed by persona characteristics. MTOS, proposed by Zuo et al. (2025), extends this idea to
multi-topic environments. Agents embedded in a scale-free network hold belief vectors over correlated
or uncorrelated issues, select topics based on LLM-generated recommendation sets, and update each be-
lief dimension through a dynamic decay mechanism. This design enables fine-grained analysis of echo
chambers across multiple topics, yet in both approaches, initial stance assignment remains uninformed

by persona attributes and belief updating remains heuristic.

A third group explores hybrid LLM—ABM systems that mix classical ABM agents with a smaller number
of generative agents for computational efficiency. J. Yao et al. (2025) propose the FDE-LLM framework,
where opinion leaders are implemented as generative agents whose attitude changes are constrained by
simple rule-based update equations, while follower attitudes evolve through separate numerical transition
rules inspired by epidemic-style diffusion models. The simulation includes a concrete action space, such
as commenting, reposting, and disliking, bringing it closer to social media behaviour, and evaluates these
dynamics against real-world stance trajectories from news events on social media. However, persona
construction for opinion leaders is manual and intentionally biased toward provocative behaviour, initial
stance values are not derived from persona attributes, and belief change ultimately follows predefined

numerical transition equations.

4.2 LLM-Based Social Media Platform Simulations

A second line of work develops generative social simulations that aim to approximate complete social
media platforms. These systems prioritise modelling timelines, feed-ranking mechanisms, and user ac-
tions such as posting, replying, liking, and following to reproduce platform-level interaction dynamics
and behavioural patterns, including exposure effects and network evolution. In this literature, belief or
opinion states are typically absent, implicit, or secondary to the study of platform mechanics themselves.
PersuaRealSim adopts similar platform abstractions, but treats the simulated platform primarily as a
controlled environment for analysing stance dynamics and narrative strategies, with explicit belief repre-

sentations grounded in persona distributions.

Tornberg et al. (2023) present one of the earliest Twitter-like generative social simulations by combining
US survey-based demographic data with generative agents that post, like, and comment on real news items
under alternative feed-ranking algorithms. Agents act according to their media habits and engagement
profiles, and the simulation evaluates how popularity-based, global and bridging ranking strategies shape
conversational tone and cross-ideological exposure. Larooij and Tornberg (2025a) extend this line of work
with a minimal Twitter-like environment in which LLLM agents post, repost, and follow on asynchronously
updated timelines that blend followed content with high-engagement global posts, focusing on the effects
of prosocial design interventions on emerging network structure. The set of possible agent actions and
the timeline logic are closely aligned with those of PersuaRealSim, and both systems directly informed
the feed-ranking and timeline construction mechanisms implemented in this thesis, despite not modelling

explicit stance values.

A more modular and generalised class of platform simulations is introduced by Rossetti et al. (2024) with

Y-Social, a digital-twin framework that replicates a full social-media platform using generative agents
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for both decision-making and content generation. Agents interact through open-ended platform actions
produced via persona-conditioned prompts, an approach that is conceptually close to PersuaRealSim’s
action-decision-prompting mechanism. This is complemented by a configurable simulation recipe mech-
anism that specifies environment parameters and agent attributes in a manner analogous to the run-level
configurability used in this thesis. C. Gao, Lan, Z. Lu, et al. (2025) propose S, a simulation environment
grounded in real social media data, where agent demographics, network structure, and perceived infor-
mation environments are inferred from observed posts and profiles, and LLMs generate decisions such
as reposting, posting new content, or remaining inactive based on persona and recent exposure. While
both systems share PersuaRealSim’s emphasis on persona-conditioned action generation and platform
mechanics, neither models stance trajectories as an explicit continuous state that is updated through an

externally validated belief-update model.

Touzel et al. (2024) propose a manipulation-oriented social simulation designed as a sandbox for studying
Al-driven influence under controlled experimental conditions. The system embeds generative agents in
a social-media setting and evaluates population-level outcomes such as political preference and election
results using longitudinal surveys administered throughout the simulation. In contrast to PersuaRealSim,
belief change is generated internally through repeated agent self-reporting within survey prompts, without

an externally validated, message-level persuasion model.

Z. Yang et al. (2025) present OASIS, a scalable and platform-agnostic simulation environment capable of
running up to one million agents across platforms such as Twitter and Reddit. The system embeds gener-
ative agents within dynamic networks and platform-specific recommendation mechanisms to reproduce
macro-scale phenomena, including cascades, herd behaviour, and polarisation. OASIS prioritises scale
and breadth over fine-grained belief modelling. Personas are not grounded in survey-based distributions,

and opinions are not represented as continuous stance values.

4.3 Task-Oriented Generative Social Simulations

A third line of work also embeds generative agents in social-media-like environments, but organises the
simulation around specific analytic tasks rather than around platform realism alone. Typical targets in-
clude opinion leadership, political mobilisation, social movements, or rumour propagation. While these
tasks are closely related to belief influence, the modelling emphasis often shifts toward task-specific con-
trol signals, role assignments, intervention designs, or large-scale dynamics. As a result, belief change is
frequently treated as an intermediate or instrumental variable, rather than as the primary object of anal-
ysis. PersuaRealSim differs by using a social-media-like environment not to optimise or intervene in
a particular task, but to isolate how narrative strategies and exposure patterns translate into continuous

stance trajectories.

B. Jin and W. Guo (2025) model a Twitter-style environment in which a single opinion-leader bot learns
an influence strategy through an external optimisation process, while an LLM generates the correspond-
ing tweet-like messages. Opinions are inferred from text using conditional perplexity against handcrafted
pro and contra template statements and discretised into five categories. Follower relations evolve through
alignment and divergence rules rather than LLM-mediated decisions. This setup shares with PersuaRe-

alSim the idea of tracking opinion values over time, but differs in that decision-making is not fully LLM-
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driven and belief inference relies on template-based scoring.

Mou et al. (2024) propose a social-movement simulator realised as a hybrid LLM—-ABM system. Core
agents inhabit a Twitter-like environment with profile, memory, and action modules and interact on time-
lines enriched with offline news, closely mirroring PersuaRealSim’s interaction loop. Profiles and initial
attitudes are drawn from real Twitter data, making initial opinions explicitly persona-conditioned. Each
user is assigned a behavioural role, such as idea starter, amplifier, or viewer, which constrains participa-
tion in the movement. The attitudes of ABM agents evolve through predefined aggregation equations,

with content from core generative agents translated into stance scores by external tools.

Shirani and Bayati (2025) present LLM-SocioPol, a generative social simulation environment that uses
US-census-based demographic profiles and an authentic Twitter follower network to study how agents’
likelihood of voting in an upcoming election changes under different mobilisation messaging strategies.
Agents log in intermittently, receive personalised feeds, and may like, reply, follow, or unfollow while
updating their voting propensity on a discrete scale. Experimental conditions are injected directly into
each agent’s prompt in the form of mobilisation cues and aggregate peer-intention statistics. This makes
the treatment visible to the LLM and risks experimenter effects. Agents are also exposed primarily to

summary signals rather than to a fully interactive social environment.

Yijun Liu et al. (2025) introduce RumorSphere, a large-scale social simulation realised as a hybrid
LLM-ABM system for studying rumour propagation. A small set of LLM-driven core agents operate
in a Twitter-like environment with persona, memory, and action modules and hold continuous opinion
values, while a much larger population of regular agents follows scripted numerical update rules. A dy-
namic promotion mechanism elevates selected regular ABM agents to generative agents when their local
environment exhibits information conflict, enabling large-scale rumour cascades. Personas are further en-
riched through LL.M-inferred interests seeded from demographics, an approach that was initially explored
in PersuaRealSim but later removed to keep prompts compact. RumorSphere focuses on rumour-specific
belief trajectories and intervention timing, and prioritises scale through the division between core and reg-

ular agent types.

4.4 LLM-Powered Bot and Influence Models

A fourth cluster of research uses LLMs to model adversarial or strategic influence in social-media-like
settings, often in the context of disinformation, information operations, or coordinated narrative manipu-
lation. Compared to task-oriented simulations, this line of work moves explicitly into the domain of infor-
mation disorder and malicious influence. The primary focus is commonly on bot realism, attack strategy
design, or the construction of evaluation assets such as benchmarks and testbeds. Consequently, these
systems typically do not prioritise the construction of a full generative social simulation in which belief
dynamics emerge from ordinary multi-agent interaction. PersuaRealSim intersects with this literature
through its use of LLM-powered bots, but differs by embedding them in a complete social environment

and analysing influence through population-level belief trajectories.

L. H. X. Ng and Carley (2025a) study the realism of LLM-powered social bot networks by generating
personas, posts, and interaction graphs and benchmarking linguistic, metadata, and network properties

against large empirical datasets of real bots and human users. Their analysis shows that LLM-generated
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networks and content systematically differ from observed social-media behaviour. This line of work is
complementary to PersuaRealSim because it frames realism as similarity to empirical bot and human
activity for detection and effectiveness analysis, whereas PersuaRealSim uses LLLM bots as instruments

for controlled experiments on belief change under an externally grounded persuasion mechanism.

Kera and Cavallon (2025) develop an information-operations sandbox in which red-team bots attempt
to influence a synthetic population, while blue-team agents represent defensive or counter-messaging
interventions. Red-team behaviour is largely specified through prompt constraints inspired by observed
inauthentic accounts, including breaking-news framing, emotive fear appeals, and fabricated research
claims, rather than emerging from autonomous multi-agent interaction. While this work demonstrates
the feasibility of narrative steering for LLM-powered social bots, PersuaRealSim differs by omitting
explicit defence agents and evaluating bot strategies through stance trajectories rather than subjective

realism assessments or ad-hoc behavioural criteria.

Marez Oyens and Amghane (2024) simulate information operations in a synthetic conflict scenario where
personas and posts are generated via few-shot prompts with steering variables for stance, sentiment, and
emotion. Personas are synthetic and lack demographic grounding, and behavioural traits such as trolling
are introduced probabilistically. External events from a simulated battlespace are injected to observe
downstream narrative shifts, with evaluation relying on expert judgement. The similarity to PersuaRe-
alSim lies primarily in the idea of exogenous events entering a synthetic social network and triggering
narrative dynamics. However, agents do not engage in autonomous interaction cycles, do not receive

structured feeds, and do not update beliefs through a calibrated mechanism.

Low et al. (2024) present Diluvsion, an agent-based influence model that emphasises indirect effects of co-
ordinated behaviour through engagement dynamics. The system reproduces realistic engagement patterns
and supports a wide range of influence strategies, but it relies on fixed stance categories, deterministic
agent roles, and hand-crafted behavioural rules. While Diluvsion provides insight into structural coordina-
tion effects, PersuaRealSim addresses a complementary question by modelling how narrative variation
in LLM-generated messages produces graded belief change through empirically calibrated persuasion

effects.

Pastor-Galindo et al. (2024) propose a high-level LLM-powered framework for studying mis- and dis-
information, outlining conceptual layers for agent specification, interaction, and evaluation. While the
framework highlights research directions such as generative social networks, misinformation scenarios,
and countermeasure analysis, it remains conceptual and does not implement an operational social-media
simulation. PersuaRealSim operationalises these ideas by instantiating a full Twitter-like environment

with explicit agent architectures, feed-ranking mechanisms, and continuous stance trajectories.

4.5 Agent-Based Models of Social Bots and Opinion Manipulation

A long line of pre-LLM computational social science work studies social bot influence on opinion dy-
namics using classical ABMs as introduced in Section 2.3. These models study social bots on social
media platforms through structural and behavioural rules rather than through generative agents or natural-
language interaction. They are conceptually close to PersuaRealSim in their focus on bot-driven opinion

manipulation, but they operationalise beliefs and influence through handcrafted mechanisms.
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Yaozeng Zhang et al. (2024) adopt an attacker-centric perspective and study how bots should position
themselves and move within a network to maximise influence. Their model shows that timing, network
position, and movement strategies are more consequential than bot volume for shaping opinion climates,
which are computed from feature-word frequencies rather than from linguistic interaction. Their contribu-
tion lies in isolating structural influence strategies under fixed behavioural rules, whereas PersuaRealSim

holds network structure constant and examines how messaging affects stance trajectories.

Ross et al. (2019) and C. Cheng et al. (2020) study social-bot influence through spiral-of-silence dynam-
ics. In both models, agents hold numeric or binary opinions and decide whether to express them based
on individual willingness-to-speak thresholds, allowing persistent minority actors to suppress dissent and
shift the expressed majority opinion. Ross et al. (2019) demonstrate that even 2—4% manipulative ac-
tors can alter majority expression in polarised settings on static networks. C. Cheng et al. (2020) extend
this mechanism to small-world and scale-free networks, showing that a small fraction of stubborn bots
broadcasting a fixed categorical stance can flip majority outcomes. This line of work is particularly close
to PersuaRealSim in its use of scale-free network structures, fixed bot stances, and majority-level out-
comes, but influence arises through encoding assumptions of spiral-of-silence dynamics directly into the

simulation design rather than through unconstrained agent interaction.

Beskow and Carley (2020) present one of the closest pre-LLM ABM counterparts to PersuaRealSim
by explicitly modelling Twitter-like platform mechanics, including tweets, retweets, replies, mentions,
follower networks, limited attention, and heterogeneous login patterns. Beliefs are represented as contin-
uous values and updated through exposure-based equations that weight incoming messages by the beliefs
of message senders, closely aligning with PersuaRealSim’s stance update logic. However, the model

captures belief only as a generic susceptibility to disinformation and not as a topic-specific stance.

Averza et al. (2022) simulate a Twitter-like environment using scripted agent types such as neutral users,
news accounts, and deceptive bots. Bots always spread misinformation, neutral agents update a scalar
belief through a fixed rule, and all agents observe a shared global tweet stream rather than personalised
feeds. The study contrasts scenarios with and without deceptive bots to demonstrate their aggregate effect,

but does not analyse variation in messaging strategies.

4.6 Summary and Differentiation from Prior Work

Across prior work, social bot influence and opinion dynamics are structured along a small number of re-
curring design axes. One axis concerns how beliefs are represented, which ranges from categorical labels
to continuous scalar values. A second axis concerns how belief updating is implemented, spanning un-
constrained prompting, threshold-based interaction rules, and hand-designed numerical update functions.
A third axis concerns agent architectures, which range from scripted ABM agents and role-constrained
prompting to full LLM decision cycles implementing perception, memory, and action. A fourth axis
concerns environment fidelity, which ranges from random interaction schemes to explicit platform sim-
ulations with feeds, ranking mechanisms, and action repertoires. A fifth axis concerns scalability and
evaluation, which are often addressed through hybrid ABM-LLM populations, interaction abstraction, or

internal plausibility checks rather than external validation.

Against this background, PersuaRealSim can be understood as positioned at the intersection of several
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strands of prior work. Relative to stylised LLM-based opinion-dynamics models (Section 4.1), it moves
beyond small-scale, abstract interaction settings by embedding agents in a platform environment with
persistent timelines, ranked exposure, and action-conditioned interaction. In line with platform-oriented
generative simulations (Section 4.2), it adopts a Twitter-like environment with explicit feed-ranking and
action repertoires, but uses this environment not as an object of study in itself, but as a controlled setting
for analysing belief dynamics. Compared to task-oriented generative social simulations (Section 4.3),
PersuaRealSim does not optimise for mobilisation, leadership, or intervention success, but instead iso-
lates belief influence as the primary outcome of interest. Finally, while it operates in the thematic domain
of information disorder and bot-driven influence addressed by LLM-powered influence models (Section
4.4), it retains the analytical focus on opinion manipulation familiar from classical ABMs of social bots

(Section 4.5), transferring this focus from rule-based agents to fully generative social simulation.

Within this landscape, PersuaRealSim positions itself as an end-to-end generative social simulation for
studying belief influence in a Twitter-like environment with an explicit validation focus on the core causal
mechanism that produces simulation outcomes. It combines survey-grounded persona sampling with con-
tinuous stance representations, embeds generative agents in a platform environment with feed ranking
and action-conditioned interaction loops, and enables systematic variation of bot narrative styles under
otherwise fixed conditions. Crucially, belief change is not generated implicitly through unconstrained
prompting or heuristic update rules, but is applied externally via a persuasion judge trained as a supervised
listwise RankFormer model on r/ChangeMyView data containing human-verified belief change outcomes.
This validation strategy differs from prior work, which typically relies on ad-hoc realism checks, surface-
level behavioural plausibility, or internal consistency of agent behaviour. To the best of the author’s
knowledge, no prior simulation framework jointly combines empirically validated persuasion modelling,
generative agents embedded in a social-media-like platform, and controlled narrative-style influence cam-

paigns with directly measurable belief dynamics.
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5 Method

This chapter describes the methodological realisation of the simulation framework developed in this work.
It operationalises the theoretical foundations introduced in Chapters 2 and 3 as an executable system for

studying belief manipulation by social bots on a social media platform.

Figure 5 summarises the overall architecture of the simulation and provides an orienting reference for this
chapter. Human and bot agents operate within a shared Twitter-like environment that mediates message
exposure, network dynamics, and stance change over discrete timesteps. Human agents are instantiated
as generative agents with profile, memory, and action modules, while stance evolution is externalised and
applied by a learned persuasion judge based on observed messages. The figure mirrors the structure of
the method chapter, which proceeds from methodological positioning and persuasion-judge training to
agent architectures, environment orchestration, and simulation configuration. The full implementation is

publicly available at https:// github.com/JulianBurmester/ PersuaRealSim.
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Figure 5: High-level architecture of the PersuaRealSim simulation environment. Human and bot agents interact
within a shared Twitter-like environment that mediates message propagation, feed construction, and network dynam-
ics over discrete timesteps. A seed event anchors initial stance formation for human agents. Agents select platform
actions whose effects update the global world state, while personalised timelines define agents’ perception. Belief
change is applied externally via a persuasion judge trained on r/ChangeMyView data.

LLMs are used throughout the simulation for persona enrichment, stance initialisation, action selection,
memory-reflection, and the construction of synthetic opinion texts during stance updates. Some cross-
cutting prompt design principles are applied consistently. Few-shot examples are avoided, as preliminary
experimentation showed that the model often replayed provided examples. This observation is consis-
tent with the insights discussed in Section 2.2. Zero-shot prompts with explicit structural constraints are
therefore preferred. Action-decision and stance-initialisation prompts include a short thought line, which

stabilises persona-consistent behaviour. Prompt design follows a clear division of responsibilities: sys-
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Table 3: Conceptual landscape of generative social simulation. The table organises key advantages, challenges and
limitations, and validation principles discussed in Chapter 2.

Conceptual landscape of generative social simulation

Advantages Challenges and limitations Validation principles
[A1l] Behavioural [C1] Computational cost and scalability [V1] Purpose-aligned
expressiveness external validation
[A2] Persona [C2] Opaqueness and limited behavioural ~ [V2] Micro-level agent
heterogeneity fidelity design
[A3] Emergence and [C3] Temporal instability and [V3] Macro-level
exploration reproducibility experimental
design
[A4] Modelling [C4] Persona collapse and distributional
flexibility misalignment
[A5] Ethical [C5] Prompt sensitivity and experimenter
sandboxing effects

[C6] Limits for causal and confirmatory
use

[C7] Ethical and societal risks

tem prompts specify stable behavioural framing and output constraints, whereas user prompts supply only
timestep-specific context. The system is implemented without relying on general-purpose agent frame-
works to retain precise control over belief updating, agent state transitions, and environment orchestration.
Existing frameworks typically bundle assumptions about planning, memory persistence, and agent auton-
omy that are well-suited for application development but introduce implicit structure that would interfere

with the externally applied, empirically grounded stance-update mechanism central to this study.

5.1 Methodological Positioning

This section positions the proposed method at the intersection of generative social simulation and the
domain theory of information disorder. It first motivates the choice of generative social simulation as
the methodological paradigm and specifies the associated validation constraints, and then details how

information disorder and opinion dynamics are instantiated within this paradigm.

5.1.1 Generative Social Simulation and Validation Constraints

Table 3 provides the conceptual reference frame used to position the methodological choices in this work.
Generative social simulation is chosen because the research questions (see Section 1.1) concern belief
manipulation by social bots in an ethically sensitive domain, where controlled what-if experimentation
with human participants would be infeasible or inappropriate. The simulation, therefore, functions as an
ethical sandbox [A5] and supports an explicitly exploratory analysis of population-level belief dynamics
rather than individual behavioural trajectories [A3]. At the same time, language-based generative agents

extend classical ABMs by enabling richer interaction and greater behavioural variation [A1, A2].
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Operationalisation of validation principles The methodological design operationalises the valida-
tion principles through concrete design choices. Purpose-aligned external validation [V1] is instanti-
ated through an empirically grounded belief-update mechanism. Human agents do not self-report stance
change. Instead, stance updates are applied centrally by the environment using a RankFormer-based per-
suasion judge trained and calibrated on ChangeMyView (CMV) data, as described in Section 5.2 and
operationalised in the stance-update procedure in Section 5.5.3. The corresponding loss behaviour of
this component provides an empirical realism signal that contextualises stance-related findings. Micro-
level validity [V2] is addressed through the human agent architecture in Section 5.3. Profile construction
via silicon sampling (Section 5.3.1), memory and reflection (Section 5.3.2), and action production (Sec-
tion 5.3.3) operationalise Profile, Interaction, and Memory, aiming to increase behavioural heterogeneity.
Macro-level validity [V3] is addressed through orchestration and experimental design choices described
in the simulation environment (Section 5.5) and configuration setup (Section 5.6), including partial ob-
servability via timeline construction (Section 5.5.2), constrained stance updating (Section 5.5.3), and

repeated runs for robustness.

Remaining limitations In theory, [V1-V3] should mitigate key challenges, including opaqueness and
limited behavioural fidelity [C2], temporal instability and reproducibility [C3], persona collapse and dis-
tributional misalignment [C4], prompt sensitivity and experimenter effects [C5], and parts of the limits
for causal and confirmatory use [C6]. It remains an empirical question to what extent the concrete oper-
ationalisation in this work effectively achieves these aims, which failure modes persist, and how strongly
they affect interpretation. The evaluation, therefore, does not only address the research questions but ex-
plicitly probes these remaining limitations to assess how far the proposed method mitigates [C2-C6] and

to contextualise all substantive findings derived from the simulation.

5.1.2 Instantiation of information disorder

The type of information disorder investigated in the simulation lies at the intersection of misinforma-
tion and propaganda, where misleading or false content is strategically produced and disseminated with
the intent to influence beliefs (see Figure 3). Information disorder is modelled on a social media plat-
form because platform affordances fundamentally accelerate the creation, amplification, and circulation
of misleading content (Section 3.2). A Twitter-like environment is chosen in particular because empir-
ical analyses identify Twitter as exhibiting the highest volume and amplification of misinformation and
disinformation across major social networks (Tomassi et al. 2024), while its short-text interaction format

enables scalable processing and generation of messages by generative agents.

Specification of agents and messages Within this setting, the agent element of information disorder
consists of human accounts and social bots. Human agents represent the interpreter population, while
social bots instantiate automated influence actors. With respect to the analytical dimensions in Table 1,
simulated bots are specified as unofficial, fully automated actors targeting the human-agent population,
with an intent to mislead and cause harm. They are loosely organised in the restricted sense that they share
a common persuasion objective and narrative-style regime, but do not implement explicit coordination

or network-level tactics. Motivation is not parameterised and remains topic-dependent. Functionally, the
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simulated bots combine properties of social manipulation bots and influence-manipulation bots, aiming
to steer discourse and belief dynamics through platform-native actions. Messages constitute the second
element of information disorder and are specified with respect to the analytical dimensions in Table 2. In
the simulation, messages take the form of textual short posts and replies with single-moment durability,
generated as immediate reactions to the currently perceived timeline. Messages are aimed at the human-
agent population in terms of persuasive intent. At the same time, actual exposure is mediated by the
social graph and feed-ranking mechanisms described in Section 5.5. Two message dimensions are treated
as experimental degrees of freedom: topical domain, varied across runs by selecting misinformation-
prone issue contexts such as climate change or vaccination, and narrative style, varied independently by

assigning bots one of the four styles derived in Section 3.4.2.

Opinion dynamics and stance update mechanism The interpreter component of the simulation builds
directly on the agent-based continuous opinion dynamics models introduced in Section 3.5.1. As in this
modelling tradition, agents carry a continuous stance that evolves through interaction with their neighbour-
hood, adopting the core assumptions of homophily and social influence. The central analytical question
of these models concerns which opinion configurations emerge at the population level after repeated inter-
action. This aligns directly with RQ1.2, which asks how different narrative styles influence belief change

in the simulated population.

Relative to classical opinion dynamics, interaction is instantiated in a platform-mediated form. The influ-
ence an agent receives at a given timestep is determined by an explicit social graph and a feed-ranking
mechanism that governs message exposure. By instantiating generative agents rather than rule-based
ABM agents, the simulation operates on natural-language messages exchanged within this network, which
allows influence to be modelled at the level of individual messages. Stance change is therefore driven by
exposure to messages authored by other agents, rather than by direct aggregation over neighbouring agents’
stances. Formally, this corresponds to a message-based decomposition of the general continuous update
rule in Equation 3, operationalised through the per-message and aggregated stance update equations in

Equations 14 and 15, as specified in Section 5.5.3.

Bounded confidence is not imposed via an explicit opinion-distance threshold. Instead, limits on influence
arise endogenously through the adaptive social graph. Generative agents can follow or unfollow other
agents as part of their action space, thereby expanding or contracting the set of accounts whose messages
they are exposed to. Through these follow and unfollow decisions, agents modulate whose messages
remain within their effective sphere of influence over time. This setup supports interaction patterns similar

to BCMs, without explicitly instantiating one.

Individual-level theories of interpretation and persuasion, such as encoding—decoding, the ELM, and the
spiral of silence (Section 3.5.2), inform the conceptual framing of belief change but are not implemented
directly within agents. Encoding such cognitive mechanisms into generative agents would introduce cir-
cularity by pre-specifying the processes the simulation aims to analyse. The simulation, therefore, does
not assume that generative agents replicate human cognitive processing. Instead, generative agents are
used to produce and exchange natural-language messages and to enact platform-level behaviour, while

belief change is applied externally via a persuasion judge trained on empirical belief-change data.
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5.2 Persuasion Judge: Training and Calibration

This section describes the training, optimisation, and calibration of the RankFormer-based persuasion
judge. The model is trained on large-scale data from the subreddit CMV to learn relative persuasive
strength among competing arguments and is subsequently calibrated to produce belief-update magnitudes

suitable for use in the simulation.

5.2.1 r/ChangeMyView as an Empirical Source of Persuasion Signals

The persuasion judge in this work is trained on data from the r/ChangeMyView subreddit’. This choice
is motivated by the unique supervision signal that it provides. CMV offers large-scale, publicly avail-
able instances in which participants explicitly mark persuasive success via self-reported belief change in

naturalistic argumentative discourse.

CMV is hosted on Reddit, a large online discussion platform organised into topic-specific communities
called subreddits. Each subreddit hosts posts and threaded replies, and users can upvote or downvote
individual messages. In contrast to most subreddits, CMV enforces explicit norms centred on persuasion:

users post an opinion they are open to revising, and replies are expected to challenge that view.

Each CMV thread is initiated by an original poster (OP), who presents an initial claim. Other users
submit replies with the explicit goal of changing the OP’s view. These replies address the same underlying
position and compete as independent persuasion attempts within the same discussion context. If a reply
succeeds, the OP may award it a delta (A), an explicit marker indicating that the reply caused a belief
change, accompanied by a brief explanation of what changed and why.* While deltas can in principle be
awarded by any participant, supervision in this work is restricted to deltas awarded by the OP in response
to top-level replies, as illustrated in Figure 6. Nested replies primarily serve clarification, rebuttal, or
meta-level discussion and are therefore not treated as independent persuasion attempts. Many threads

contain no delta at all, even when the discussion is extensive.

Original post (by OP)

I believe that everything is subjective, contextual, and relativistic.

Every argument can be scrutinised until it is less than 100% correct. Since nothing can ever be fully
certain, I conclude that there are no moral absolutes. Change my view.

Top-level reply
Consider Descartes’ statement I think, therefore I am.” While many things are subjective, the exis-
tence of thinking itself cannot be denied. This provides at least one objective truth.

Delta award by OP to reply (A)
Interesting. Thinking this through reinforces the point. I now have one absolute truth to build my
worldview on. A

Figure 6: Schematic example of a CMV thread illustrating the original post, a top-level reply, and a delta (A) award
with an explanation by the OP. Text paraphrased for illustration (Source: https://www.reddit.com/r/changemyview/
comments/le5dod/i_believe_that_everything_is_subjective/).

3 https://www.reddit.com/r/changemyview/
* https://www.reddit.com/r/changemyview/wiki/rules/
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Taken together, these conventions define a thread-level supervision signal that extends beyond individual
reply pairs. A CMV discussion forms a reply tree rooted in the original post, with replies unfolding across
multiple depth levels. Delta awards may occur at any depth if the OP responds to a reply with a delta and
an accompanying explanation. For the purposes of training a ranking-based persuasion judge, however,
this hierarchical structure is reduced to a set of competing top-level replies. Figure 7 illustrates both the
original reply structure of a CMV thread and its conversion into a listwise target distribution based on

delta awards and engagement signals.
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Figure 7: Typical CMV thread structure and the construction of listwise training targets used in this work. The
upper section shows an original post with a tree of replies across multiple depth levels. A reply can receive a delta
award (A) if the OP responds with a delta (gold) and a short explanation. Threads may contain zero, one, or multiple
delta awards. The example illustrates two delta awards. For training, supervision is restricted to delta awards on
top-level replies. The lower section illustrates how the set of top-level replies is converted into a thread-specific
target distribution by combining the binary delta signal (gold) with an engagement signal (purple) derived from
upvotes.

5.2.2 Training Data Construction

The training data is derived from two publicly released corpora of CMV discussions that provide explicit

supervision via delta awards. The first source is the Winning Arguments Corpus introduced by Tan et al.
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(2016) and distributed through ConvoKir®. It covers CMV threads from 2013 to 2015 and includes meta-
data that identifies which replies belong to successful versus unsuccessful argument threads, together with
the original paired comparisons used in the dataset construction. The second source is the Webis Change-
MyView Corpus 2020 (Webis-CMV-20)° released by Al-Khatib et al. (2020), which extends coverage to
the full subreddit history from 2005 to 2017 and provides complete discussion trees with delta awards
embedded in the reply structure. In contrast to the Winning Arguments corpus, Webis-CMV-20 is not
limited to pre-constructed reply pairs but exposes all replies in a thread, which allows delta labels to be

reconstructed by identifying which replies received a delta from the OP.

In this work, both corpora are converted into a unified listwise format in which each thread yields a ranked
set of top-level replies, and each reply is assigned a binary label indicating whether it received a delta. The
datasets are merged primarily to maximise the amount of available training data while retaining the same
underlying supervision mechanism. Direct collection of comparable CMV data via the Reddit API is no
longer a viable alternative due to platform restrictions on large-scale data access’ and explicit prohibitions

on using Reddit content for AI model training®.

Post-level filtering Before constructing listwise training instances, posts are filtered to remove content
that is specific to Reddit as a platform or to CMV as a moderated community. The persuasion judge is
later used in a general simulation context that abstracts away from subreddit rules, bots, and moderation

practices.

To avoid learning artefacts tied to platform-specific mechanisms rather than to persuasion itself, posts that
primarily serve administrative, logistical, or meta-level purposes are excluded. This includes, for example,
moderator announcements and recurring weekly coordination posts that do not present an argumentative
position. Posts authored by system accounts, such as u/AutoModerator, or posts that explicitly reference
moderation procedures or u/DeltaBot mechanics, are likewise removed. Beyond these semantic exclu-
sions, original posts must satisfy a minimum content requirement after boilerplate, such as moderator
footers or removal notices, has been stripped. Empty, deleted, or too short posts are discarded, as they do
not present a sufficiently articulated position against which persuasion can be meaningfully assessed. The
full set of concrete post-level exclusion and stripping rules is documented in Appendix A. All filtering

steps are applied identically to both CMV data sources before reply selection.

Reply-level filtering Within each retained thread, candidate persuasive replies are restricted to direct,
top-level replies to the original post. Only these replies address the OP’s stated position explicitly and
constitute independent persuasion attempts. Deeper replies are excluded, as they primarily reflect follow-
up discussion or intra-thread dynamics rather than initial persuasive appeals. At the reply level, the same
principle of removing platform-specific and procedural content is applied. Replies authored by system
or bot accounts, including u/AutoModerator and u/DeltaBot, are discarded, as are replies that serve
logistical or administrative purposes, such as moderation notices or coordination messages. Remaining

replies undergo text normalisation, including the removal of CM V-specific moderator footers and deletion

5 https://convokit.cornell.edu/documentation/winning.html

® https://zenodo.org/records/3778298
7 https://en.wikipedia.org/wiki/Reddit_API_controversy
8 https://support.reddithelp.com/hc/en-us/articles/14945211791892-Developer-Platform- Accessing-Reddit- Data
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artefacts. Finally, a minimum content requirement is enforced at the reply level. Replies that are empty,
deleted, or too short after cleaning are excluded, ensuring that all retained replies contain a substantive

argumentative contribution suitable for persuasion ranking.

Training instance construction After post- and reply-level filtering, each retained thread is converted
into a single listwise training instance. For a given original post, all remaining top-level replies are treated
as competing candidates within the same ranking context. Each reply is assigned a binary supervision
label indicating whether it received a delta from the OP. Only discussions with at least two eligible replies
are retained, as a minimum of two candidates is required to define a meaningful ranking task. Threads in
which a delta is awarded to a second-level reply or any deeper reply are excluded, as in these cases it is
unclear whether the delta reflects agreement with a top-level argument, a clarification within a follow-up
exchange, or a newly introduced argument. Restricting supervision to deltas awarded directly to top-level

replies ensures that persuasive success can be unambiguously attributed to the reply text used for training.

To control list length, reply sets are capped at 24 entries, always retaining all delta-winning replies and
limiting the number of non-winning replies accordingly. In addition to the binary delta label, each reply
retains its score, defined as the difference between upvotes and downvotes at collection time. This score
serves as a weak crowd-based signal to order non-winning replies and to support the estimation of smooth

persuasiveness distributions within listwise instances.

Merging heterogeneous CMYV sources After listwise construction, instances from the Winning Ar-
guments Corpus and Webis-CMV-20 are merged by Reddit thread identifier, with duplicates resolved
by retaining the Webis version due to its more complete discussion structure and delta reconstruction.
Threads that appear in only one source are included unchanged. The resulting merged dataset comprises
46,846 unique threads in total, combining 3,042 threads from the Winning Arguments Corpus and 46,097
threads from Webis-CMV-20, with an overlap of 2,293 threads between the two sources.

In the next step, the merged dataset is split into training, validation, and test sets using a single stratified
80—10-10 split based on whether a thread contains at least one delta-winning reply. This preserves the rel-
ative proportion of persuasive and non-persuasive threads across all splits. A single held-out split is used
instead of cross-validation, as k-fold training would be computationally prohibitive for the RankFormer

model and unnecessary given the dataset scale.
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Figure 8: Structural and textual characteristics of the merged CMV dataset. The figure shows the distribution of
replies per thread, the distribution of delta awards per thread (log-scaled), and the distribution of text lengths for
original posts and replies (log-scaled).
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Training dataset characteristics The resulting dataset comprises 46,846 CMV threads after filtering
and merging. Threads contain, on average, 10 replies, with a median of 9 replies and a maximum of 24
replies due to capping. Persuasive outcomes are observed in 26% of threads, corresponding to 12,173
threads in which at least one delta is awarded, with an average of 0.36 delta awards per thread and a long-
tailed distribution of delta counts. Original posts have a median length of 1,072 characters, while replies
have a median length of 583 characters after cleaning and filtering. Figure 8 summarises these structural
and textual characteristics of the final dataset. Overall, the pipeline yields a large-scale collection of clean,
thread-conditioned, listwise persuasion judgments suitable for training and evaluating a ranking-based

persuasion judge.

5.2.3 RankFormer Modelling

Building on this large-scale listwise CMV dataset, the persuasion judge is implemented as RankFormer, a
listwise learning-to-rank model that scores items in the context of competing alternatives within the same
list, rather than independently (Buyl et al. 2023). The original RankFormer setting assumes web and e-
commerce applications in which users are shown a limited selection, such as search results, and provide
implicit feedback on the list. This maps naturally to CMV threads where an original post defines the
shared context and top-level replies represent alternative persuasion attempts. A key motivation is that
RankFormer jointly optimises a listwise ranking objective and a listwide quality assessment, allowing
the model to represent that an entire presented list can be low quality and effectively rejected. In the
CMV setting, this aligns with threads without any delta award, where the OP does not accept any reply

as persuasive, even if replies can still be ranked relative to each other.

Model architecture Figure 9 summarises the RankFormer architecture. RankFormer extends the list-
wise Transformer idea, in which a Transformer encoder processes an entire list of items jointly so that
each item representation can attend to and be contextualised by all other items in the same list, rather than
being scored independently (Pang et al. 2020). Formally, in the CMV setting, each discussion thread
is represented by a feature matrix X, where each row corresponds to one reply, and the matrix is aug-
mented with a learnable list token z(crs). The extended input X7 = X; U z|cLg) is processed by the
listwise Transformer encoder T'F’, yielding contextualised item representations Z; and a list representa-
tion z|cLs)- Reply scores s(X7) are produced by applying a shared scoring head h to each contextualised
reply representation, concatenated with z(crs) and trained with the listwise ranking loss L,. In parallel,
the list token representation is passed through a separate head h,4 to produce the listwide prediction d(X7),
which is trained against the listwide label 7 via L;. (Buyl et al. 2023)
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Figure 9: RankFormer architecture. Item features X and a learnable list token z(cLs) are processed jointly by a
listwise Transformer T'F'. The resulting item representations Z; are combined with the list token representation
2[cLs) and scored by a shared head hs to produce listwise ranking scores optimised with L,. The list token is
additionally passed to a separate head h to predict a list-wide quality score optimised with L; (Source: Buyl et al.
2023).

Input construction Each row of X is obtained from a Transformer-based text encoder operating at
the reply level. For each reply, the original post and the reply text are encoded jointly using a pretrained
DeBERTa model (P. He et al. 2021) in a cross-encoder configuration, and the resulting classification
token embedding is used as the reply-level feature vector. Inputs to the text encoder are capped at a
maximum sequence length of 512 tokens, with a fixed token budget split between the original post and the
reply and truncation applied when necessary. In the merged CMV dataset, original posts are longer than
replies, with median lengths of 266 and 134 tokens, respectively. At a 512-token cutoff, truncation affects
approximately 20.5% of original posts and 7.1% of replies when considered individually, and 42.0% of
joint original-post—reply pairs. Truncation, therefore, primarily affects unusually long original posts and
reflects a trade-off between preserving argumentative context and computational efficiency. Based on this
analysis, the final training configuration allocates a maximum of 320 tokens to the original post and 192
tokens to the reply to ensure that the combined input respects the 512-token limit while prioritising the

typically longer original post.

For computational stability and to bound the cost of listwise attention, the number of replies per thread
is capped during RankFormer training. While preprocessing retains up to 24 replies per thread (see Sec-
tion 5.2.2), the model operates on lists of at most 16 replies, corresponding to roughly the upper 16%
of threads by reply count. All delta-winning replies are always retained, and remaining slots are filled
with the highest-scoring non-winning replies. The listwise Transformer is implemented with two en-
coder layers and four attention heads and does not employ positional embeddings, making it permutation-

equivariant with respect to reply ordering, consistent with the RankFormer design (Buyl et al. 2023).

Supervision Each CMV thread corresponds to one listwise ranking instance /. Item-level supervision
y1 reflects relative persuasive strength among replies and is derived from a mixture of delta awards and
engagement-based reply scores, as illustrated by the target distribution construction in the lower section

of Figure 7.

The listwide label is defined as ¢{; = max y; and indicates whether any reply in the thread succeeds in

persuading the OP. This listwide signal supplies explicit negative supervision for threads without any delta
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award.

Objective Training optimises a joint objective that combines reply-level ranking with a thread-level
assessment of persuasive success. For each thread I, the model produces reply scores s(X) and a thread-

level logit d(X7). The overall loss is
L = Ly(s(X1),yr) + o+ Ly(d(X1), tr), ®)

where L, denotes a listwise ranking loss, L; denotes a binary classification loss at the thread level, and

« controls the influence of the list-level objective.

The ranking loss L, is formulated as a listwise cross-entropy loss over a soft target distribution y; that

mixes delta-based and engagement-based supervision

yr=A-y$® (1= ) - gleneeemend oy e o, 1], )
The engagement component y§engagemem) is obtained by applying a temperature-controlled softmax to

reply-level engagement scores, with a standard max-shift applied for numerical stability. Let r; denote
the engagement score of reply ¢ within thread I. After replacing missing scores and shifting by the

maximum for numerical stability, the distribution is

(engagement) exp((n — max; 70]')/7—)

I N ZkeICXP((Tk — max; Tj)/T)

, T €Ryo. (10)

Larger 7 yields a flatter distribution, whereas smaller 7 concentrates probability mass on the highest-

scoring replies.

The list-level loss L; is implemented as binary cross-entropy (BCE) and is trained against a thread-level
indicator of whether any reply received a delta. To account for the strong class imbalance between threads
with and without delta awards, a positive class weight is applied, set to the ratio of negative to positive
threads in the training data. Threads without delta awards do not contribute to the reply-level ranking
loss but remain active in the list-level objective, providing negative supervision for failed threads. The
weighting parameter o mediates the trade-off between fine-grained ordering of replies within successful

threads and discrimination between persuasive and non-persuasive threads overall.

5.2.4 Hyperparameter Optimization

RankFormer training involves several interacting hyperparameters that affect supervision semantics, op-
timisation stability, and convergence behaviour. An exhaustive grid search over all relevant parameters
would be computationally prohibitive and difficult to interpret. Instead, a staged hyperparameter opti-
misation strategy is employed that groups hyperparameters by functional role, separating those that di-
rectly shape the learning signal from those that primarily affect optimisation dynamics. This enables a
coarse-to-fine search in which semantically meaningful supervision configurations are identified first, and

optimisation parameters are refined only within these promising regions.

The two-stage sweep design is summarised in Table 4. Stage 1 evaluates 27 supervision configurations
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under fixed optimisation settings. Stage 2 then tunes the learning rate for a small set of K Stage 1 finalists,
yielding 3K additional runs. All sweeps are conducted with a fixed random seed to isolate the effect of
hyperparameter changes.

Table 4: Two-stage hyperparameter sweep design. Stage 1 varies supervision-related hyperparameters while keep-
ing optimisation fixed. Stage 2 tunes the learning rate for a small set of Stage 1 finalists.

Stage Hyperparameters Value grid Runs
1 (semantic) M\, 7,« A€ {0.6,0.8,1.0}

T € {2,10,20}

a € {0.0,0.25,0.5} 3x3x3=27
2 (LR) n n€e{lx107°2x107°,3x10°} K x3

Stage 1: semantic supervision sweep The first optimisation stage focuses on hyperparameters that in-
fluence what the model learns rather than how it is optimised. Concretely, the sweep varies the delta—en-
gagement mixing coefficient A € {0.6,0.8,1.0} introduced in the construction of the soft target distribu-
tion y; (Eq. 9), the upvote temperature 7 € {2,10,20} that controls the sharpness of the engagement-
based component yge"gagemem) (Eq. 10), and the list-level loss weight o € {0.0,0.25,0.5} that balances
reply-level ranking and list-level supervision in the joint objective (Eq. 8). These parameters jointly de-
termine how sparse but high-precision delta signals are combined with dense but noisy engagement cues,

as well as the relative emphasis placed on reply-level ordering versus thread-level success prediction.

Rather than redefining supervision targets, this sweep aims to identify supervision regimes under which
the model generalises best to unseen threads, measured by agreement with held-out delta labels. To avoid
a combinatorial explosion, the learning rate and all other optimisation-related parameters are held fixed
during this stage. The resulting sweep explores a moderate grid of supervision configurations under
otherwise identical training conditions. Configurations with o« = 0 are included as an explicit ablation,

corresponding to a pure reply-ranking objective without gradients from the list-level loss.

Stage 2: learning rate sweep In the second stage, the learning rate is tuned while holding the
supervision-related hyperparameters fixed. This stage is restricted to a small set of K supervision config-
urations identified as stable and competitive in Stage 1, resulting in 3K runs in total. The learning rate
is varied over 1 x 107°,2 x 107°,3 x 1075. By varying only the learning rate, this sweep isolates opti-
misation effects and avoids confounding changes in the supervision signal. All other training parameters,
including batch size, gradient accumulation, weight decay, warmup ratio, and number of epochs, are kept

constant.

Model selection criterion Hyperparameter selection during both stages is based exclusively on valida-
tion performance. The primary selection metric is validation Acc@1 on delta-awarded threads, reflecting
whether the highest-ranked reply matches a delta-winning reply. In cases where multiple configurations
achieve comparable Acc@1, the validation loss of the list-level head is used as a secondary tie-breaking
criterion. No test-set results are consulted during hyperparameter selection. The final configuration is

chosen only after completion of both optimisation stages and is evaluated separately on the held-out test
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split.

5.2.5 ~-Calibration

After training and selecting a high-quality RankFormer model, the remaining challenge is to translate
its persuasion outputs into belief-update magnitudes suitable for use in the simulation. RankFormer is
optimised to rank replies and to estimate whether a thread is persuasive, but it does not specify how
strongly an agent’s belief should change when exposed to persuasive content. To bridge this gap between
a ranking-based persuasion model and the dynamic belief update mechanism described in Section 5.5.3,
a single global scaling factor -y is introduced. ~ calibrates the magnitude of stance updates produced by
the persuasion judge, allowing RankFormer’s relative persuasion signals to be interpreted as empirically

plausible belief shifts within the simulation.

Calibration data Calibration is performed on a curated subset of 1,500 CMV threads drawn from
Webis-CMV-20. Selected threads contain exactly one awarded delta and a substantive explanation com-
ment written by the OP, providing a clear textual trace of belief change before and after persuasion. Webis-
CMV-20 is used exclusively for this step because it preserves the OP’s delta-award explanation comments
in a recoverable form. While the Winning Arguments Corpus identifies successful replies, it does not ex-
pose post-delta explanations required to infer the updated stance. Threads with deleted OP texts, multiple
deltas, or ambiguous winner structure are excluded to ensure that belief change can be plausibly attributed

to a single persuasive interaction.

Stance-based target shifts For each calibration thread, continuous stance annotations in the interval
[—1, 1] are obtained for all relevant texts using the same two-stage LLM-based stance extraction pipeline
employed for agent stance initialisation in the simulation (see Section 5.5.1). Before stance annotation,
each thread is enriched with a neutral topic label and a standalone claim derived from the original post,

ensuring that stance is estimated relative to the same reference proposition as in the simulation.

Stance is then annotated for the original post, for each top-level reply, and for the OP’s delta-explanation
comment. The pipeline first classifies stance polarity and subsequently estimates stance strength, mapping
the result to a continuous scale. No reasoning traces are generated at this stage. The empirical target belief
shift for a thread is defined as the difference between the post-delta stance and the pre-delta stance of the
OP.

Model-implied persuasion signal For the same calibration threads, the RankFormer persuasion judge
is applied to the original post and its top-level replies to obtain per-reply persuasion weights. These
weights implicitly capture both thread-level persuasiveness and the relative convincingness of individual
replies. Using the stance annotations described above, an unscaled model-implied belief shift is computed

as
Apaw = Z wy - (51' - Sbefore)v (11)
%

where w; denotes the RankFormer weight of reply i, s; its stance, and Spefore the OP’s initial stance.

This quantity represents the belief change implied by the trained persuasion model before any magnitude
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calibration.

Estimation of the scaling factor The global scaling factor +y is estimated by aligning the magnitude
of the model-implied persuasion signal with empirically observed stance change. For each calibration
thread, the unscaled model shift A, is computed as defined above, and the empirical target shift is given

by Atarget = Safter — Sbefore- The scaling factor is then estimated as

. E [|Atarget’]

— 2L Buargetl] 12
"= E[ D] (12)

where expectations are taken over all usable calibration threads.

The resulting factor is fixed after calibration and applied uniformly in the simulation to scale Rank-
Former’s persuasion signal. Appendix B provides a fully annotated calibration thread that instantiates
this computation, including the enriched topic and claim representation, stance annotations for the origi-
nal post and replies, the corresponding RankFormer persuasion weights, and the resulting values of Ay,

and Atarget .

5.3 Human Agent Architecture

This section specifies how the abstract generative agent architecture introduced in Section 2.4 is instanti-
ated for human agents in the simulation. Following the modular decomposition into profiling, memory,
planning, and action components, the implementation realises explicit modules for profile construction,
memory and reflection, and action selection. Each module is designed to operationalise its theoretical

counterpart while remaining compatible with the validation principles outlined in Section 2.8.

In contrast to many generative agent architectures, no dedicated planning module is implemented. This
design choice follows the Minimal-Control and Unawareness principles from Section 2.8.3, as an ex-
plicit planning component would introduce additional structure that could bias agent behaviour toward
experimenter-imposed strategies or objectives. Instead, planning is treated as an implicit aspect of action
production, with agents deciding their next Twitter action based on their current profile, memory state,

and perceived context at each simulation step.

The resulting human agent architecture consists of three core components: a static, empirically grounded
profile constructed via silicon sampling, a dynamic memory system that accumulates and abstracts within-
run experience, and an action module that translates the agent’s internal state into observable behaviour.
This architecture serves as the baseline for all human agents in the simulation and forms the foundation
upon which bot agent architectures are built. Bot agents reuse the same structural components but apply

targeted modifications and restrictions to specific modules, as described in Section 5.4.

5.3.1 Profile Construction via Silicon Sampling

The simulated human agent population is grounded in empirical survey data from the American National
Election Studies (ANES) 2024 Time Series Study. ANES is a long-running US election survey programme
designed to support research on public opinion and voting behaviour. The 2024 wave combines a pre-

election survey fielded between August 3, 2024 and November 5, 2024, with a post-election re-interview
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conducted between November 7, 2024 and February 17, 2025. The full release contains 5,521 pre-election
completions and 4,964 post-election re-interviews collected with a mixed-mode design that includes in-

person, web, phone, video, and paper questionnaires. (American National Election Studies 2025)

The ANES 2024 Time Series contains more than a thousand variables spanning demographics, socio-
economic status, political attitudes, media use, and issue-specific beliefs. As incorporating the full ques-
tionnaire into agent personas is neither feasible nor desirable, population construction begins with the
selection of a structured subset of variables that define the empirical characteristics of politically active

social media users.

Variable selection follows a category-based approach aligned with the dimensions required for persona
construction. Specifically, the selected variables cover core demographic attributes, socio-economic po-
sition, religious affiliation, political orientation, Twitter usage patterns, and trust in media institutions.
These categories capture relatively stable individual characteristics and orientations that plausibly shape
how users engage with political content online. All variables are drawn from the public ANES release and
are available in harmonised, analysis-ready form. The complete set of variables used for silicon-sampled
persona construction, grouped by category and documented with their ANES identifiers and value ranges,

is provided in Appendix C.

Before sampling is performed, the ANES respondent pool is restricted according to platform-related in-
clusion criteria specified via the simulation configuration. In all reported experiments, sampling is limited
to respondents who report having used Twitter in the past year and who indicate that they post political
content on the platform. Concretely, respondents who did not mention Twitter as a visited social media
platform are excluded, as are respondents who report never posting political content when using Twit-
ter. These filters are applied directly to the survey data before sampling, thereby defining the empirical

population as politically active Twitter users.

From the filtered respondent pool, agents are sampled using probability-proportional-to-size sampling
without replacement (PPSWOR), where selection probabilities are proportional to the post-election survey
weights provided by ANES. This procedure ensures that weighted population estimates implied by the
survey design are respected while preventing duplicate selection of the same respondent within a single
simulation run. The use of PPSWOR further guarantees that each sampled agent corresponds to a unique

empirical record, while preserving population-level representativeness under the applied filters.

For each sampled respondent, a base persona text is generated through a deterministic, template-based
transformation. Selected survey variables are mapped to short declarative sentences describing the agent’s
background, political orientation, media use, and institutional trust. The mapping follows a fixed schema
in which each variable contributes at most one predefined textual fragment. When multiple survey items
capture the same construct, a fixed precedence order is applied, with fallback rules used only if the pre-

ferred item is missing.

Missing values and survey-specific non-response codes do not produce textual output. Ordinal and con-
tinuous variables are discretised using fixed lookup tables, ensuring that identical survey inputs always
result in identical persona texts. All personas follow the same sentence structure and ordering, differing

only in content. An illustrative example of a base persona text generated through this procedure is shown
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Figure 11: Overview of the silicon-sampling pipeline from ANES survey data to standardised persona texts.

in Figure 10.

Example Persona Text

You are an 80+-year-old woman from Oregon.

You are White, non-Hispanic and heterosexual.

You have a bachelor’s degree and lower-middle income ($30,000-$59,999).

You are Evangelical Protestant, and religion is extremely important to you.
You are a strong Republican.

Ideologically, you describe yourself as conservative.

Party identity is very important to you.

You use Twitter about once a day and you sometimes post about politics.

You do not trust social media at all.

Figure 10: Example of a silicon-sampled persona text built from ANES ID 234862.

To support interaction on a Twitter-like platform, all base personas are enriched using a single LLM
call that generates a plausible real name and a Twitter handle consistent with the persona text. This
mandatory base enrichment is applied to all agents and is strictly additive, leaving all attributes derived
from ANES data unchanged. For the example persona shown in Figure 10, this step yields a name such as
Margaret Wilson and a handle like @margwil. A complete prompt-response example of this enrichment
is provided in Appendix D.1. This enrichment is strictly additive and does not modify any attributes
derived from ANES data.

Optionally, personas can be further enriched with a small set of short bullet points describing everyday
interests or habits that plausibly fit the persona. For the example in Figure 10, this could include a state-
ment such as ”You're a big fan of the Oregon Ducks football team and often attend their games at Autzen
Stadium”, among other interests and hobbies like growing up in rural Oregon, gardening, participating
in church activities, or involvement in a Republican women’s group. Prompts are deterministic, enrich-
ment is performed once per agent, and outputs are validated and normalised. The prompt templates used
for both the mandatory base enrichment and the optional extended enrichment are documented in Ap-
pendix D.2.

All personas follow the same fixed template as in Figure 10 and differ only in the content instantiated
from the underlying survey record and optional enrichment steps. An overview of the silicon-sampling

pipeline is shown in Figure 11.
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5.3.2 Memory and Reflection

Memory represents a dynamic internal state that conditions agent behaviour on past interactions during a
simulation run. In line with the distinction between short-term and long-term memory in generative agent
architectures (see Section 2.4.2), the implemented memory combines a small in-context component with
an explicit, agent-internal long-term store. Recent experiences are surfaced directly in prompts as short
natural-language summaries, while older yet relevant information is retained in bounded buffers outside
the immediate context window. In contrast to silicon-sampled profiles, which encode static, empirically
grounded attributes, memory captures within-run experiences generated by the agent’s own actions, stance
updates, and reflections. Memory is implemented as an explicit agent-internal structure, reset at the

beginning of each run and stores only information originating from the current simulation.

Three buffer structure Agent memory is organised into three bounded buffers with distinct semantics.
A recent-action buffer stores short natural-language summaries of the agent’s own most recent actions. In
all reported runs, this buffer retains the two most recent actions, corresponding to the maximum number
of action summaries injected into downstream prompts. A stance-direction buffer stores a single, most
recent natural-language summary describing how the agent’s stance has shifted. An insight buffer stores
higher-level abstractions produced through reflection and is bounded to a maximum of 32 insight items

per agent, with older insights pruned when the limit is exceeded.

Memory writing Memory entries are written at explicitly defined points in the simulation loop. Af-
ter each agent action, an abstracted past-tense summary of the action is recorded, rather than storing
the full post text. Stance-direction summaries are written only when belief updates exceed configured
thresholds. These include an absolute single-step stance change of at least 0.05, a cumulative absolute
change of at least 0.1 over a rolling window of three steps, or a transition into a different stance cate-
gory. Stance categories correspond to the 0.2 discretisation granularity used for stance labels introduced
in Section 5.5.1. Insight entries are generated through reflection every five simulation steps. During
reflection, the LLM is prompted with up to two recent action summaries, up to two previously stored
insights, and up to two insights that reference user handles visible in the current feed. At most two new
insights are requested per reflection cycle. Figure 12 summarises the three-buffer memory structure, the
conditions under which each buffer is updated, and how selected memory contents are injected into the

action-decision and memory-reflection prompts.
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Figure 12: Overview of the agent memory architecture. Memory is organised into three bounded buffers for recent
actions, stance-direction updates, and reflective insights. The figure illustrates how buffers are updated, pruned, and
selectively injected into the action-decision prompt at every step and into the memory-reflection prompt at fixed
intervals.

Memory management Memory management is realised through simple, deterministic rules. The
recent-action buffer operates as a rolling window, always retaining only the most recent actions required
by prompts. The stance-direction buffer always replaces its previous entry with the most recent qualify-
ing update. The insight buffer retains at most 32 items, pruning the oldest insights when new ones are
added beyond this limit. Reflection does not reduce or merge existing insights. Instead, it incrementally
adds new higher-level observations that may build on previously stored ones while leaving earlier insights

unchanged.

Memory reading Memory reading is implemented through fixed, task-specific filtered views. In action-
decision prompts, memory injection consists of exactly one most recent action summary and up to two
stored insights whose text references user handles present in the current timeline or recent actions. The
latest stance-direction sentence is injected separately as the first memory line. For more details about the
action-decision prompt, see Section 5.3.3. In memory-reflection prompts, memory injection consists of
the current stance-direction sentence, up to two recent action summaries, up to two previously generated
insights, and up to two handle-matching insights. No other memory contents are exposed. While these

limits are configurable, all reported experiments use the settings described above.

A schematic overview of the reflection prompt structure is shown in Figure 13, while a full example of

the memory-reflection prompt and the resulting insight generation is provided in Appendix E.
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Figure 13: Overview of the memory-reflection prompt. The system prompt specifies the reflection task, governing

rules, and output format, while the user prompt provides the current timeline context and a filtered view of agent
memory, including topic, stance updates, and recent actions.

5.3.3 Action

The action module translates an agent’s internal state into concrete interactions with the simulated envi-
ronment. It instantiates the abstract action component introduced in Section 2.4.2 by mapping the agent’s
profile, current stance, and memory into a single observable action per simulation step, corresponding to
the action production stage of the agent architecture. Action execution and its effects on the world state
are handled by the environment, while the agent is responsible only for selecting an action and, when

applicable, generating associated text.

Action goal Action goals are not represented explicitly. Instead, action selection is guided by a single,
generic instruction provided to the agent: ”Decide your next Twitter action now, making sure it clearly
fits your personality and how you currently feel.”” This design follows the Minimal-Control and Unaware-
ness principles introduced in Section 2.8.3, by avoiding prompt-level guidance that would encode the
experimental hypothesis or desired outcomes. At each simulation step, the agent observes a bounded
Twitter-like home timeline constructed by the environment and injected into the action-decision prompt.
In all reported experiments, agents are shown up to six timeline items per step, with at least two items

guaranteed.

Prompt structure and injected context An overview of the action-decision prompt structure is shown
in Figure 14. The prompt is composed of a system prompt and a user prompt with clearly separated
responsibilities. The system prompt provides stable behavioural framing and output constraints. It in-
cludes the agent’s persona derived from silicon sampling (see Section 5.3.1), a neutral specification of
action semantics that defines the meaning of available Twitter actions without relying on implicit world
knowledge, and a set of technical behavioural instructions. These instructions specify, among others, that

actions must target TWEET IDs drawn from the visible home timeline, that action choice must be con-
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sistent with the agent’s current stance, and that references to content are made exclusively via TWEET
ID. The system prompt further contains a strict output format specification that defines the admissible

action space and required fields.

The user prompt provides the dynamic decision context for each simulation step. It consists of a ren-
dered home timeline snippet supplied by the environment, which reflects recent activity in the agent’s
social neighbourhood as filtered by the platform’s recommendation mechanism (see Section 5.5.2). This
is followed by a memory block containing the current stance summary, insight entries that match user han-
dles present in the timeline, and recent action summaries as specified in Section 5.3.2. The user prompt
concludes with a short, repeated output format reminder to reinforce structural constraints. Prompt con-
struction is deterministic given the agent state and environment output. While all limits are configurable,

all reported experiments use a fixed configuration shared across runs.

r - - === ~
/ User Prompt / System Prompt \ Environment
P

[ Persona

[ Behavioral Instructions

o
[ Output Format Specification ] Q
\ / ~ - - —_——_
Intent Dictionary: Action

)

Home Timeline
(contains [TWEET ID] targets)

Action Semantics ]

Current Memory

current stance w.r.t. topic

matching insights

[action,
TWEET ID,
text payload,
Thought]

NS ~/
Parsing Validation

Figure 14: Overview of the action-decision mechanism. The action-decision prompt combines stable system-level
instructions with a dynamic user prompt containing the current timeline and filtered agent memory. The language
model output is parsed into a structured intention, validated against the current interface state, and only then com-
mitted to the environment, where it produces observable action effects.

recent actions

LLM text
Short Output output

Format Specification
(action space)

Prompt ordering and robustness considerations Several prompt-design choices are motivated by ro-
bustness considerations discussed in Section 2.2 and are applied consistently across all action-decision
prompts. First, following insights on the lost-in-the-middle effect (see Section 2.2), the rendered home
timeline is placed at the beginning of the user prompt, while the output format specification is placed at the
end. Memory information is positioned between these blocks. This ordering prioritises correct grounding
of actions in the visible timeline and ensures that output constraints are encountered last, where they are

most reliably followed.

Second, the order in which available actions are listed is randomly permuted for each action-decision
prompt across all prompt blocks that enumerate the action set. This includes the action semantics section

and the output format specification in the system prompt, as well as the short output format reminder in
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the user prompt. These measures are intended to reduce reliance on positional or formatting regularities
in prompts, as discussed in Section 2.2, and to encourage action selection that is conditioned on the

presented timeline and agent state rather than on superficial prompt structure.

Handling empty-timeline cases A specialised action-decision prompt is defined for cases in which the
agent’s home timeline is empty. In this variant, the action space is restricted to tweet and nothing, and the
prompt explicitly states that no tweet identifiers are available. Under the configuration used for all reported
experiments, such cases are not expected to occur due to enforced minimum visibility constraints, but the

variant is included as a defensive measure to ensure well-defined behaviour under unexpected conditions.

Action space The action space models a core subset of standard interactions available on Twitter.
Agents may publish new content, react to existing tweets, adjust their social connections, or refrain from
acting. Concretely, the action space comprises tweet, reply, like, retweet, follow, unfollow, and nothing.
All actions are expressed in natural language but remain grounded in the structured state of the simulation

through explicit references to tweet identifiers and user relations.

The inclusion of follow and unfollow actions is particularly important for population dynamics. Sili-
con sampling (Section 5.3.1) and follow-graph construction (Section 5.5.1) are performed independently,
which may result in initial follower relations between agents with strongly divergent stances. Allowing
agents to follow and unfollow others enables gradual self-correction of the social graph through interac-
tion, ensuring that network structure can adapt endogenously rather than remaining fixed throughout the

simulation.

For consistency across all action types, follow and unfollow actions are specified using tweet identifiers
rather than user identifiers. The referenced tweet is used to resolve the target author during validation.
Using a single identifier type across the action space avoids introducing multiple identifier schemes into
the decision prompt and simplifies action specification. For each action type, the decision prompt specifies

which additional fields are required. A summary of the action space and associated payload requirements

is provided in Table 5.
Table 5: Action space and required fields for action decisions.
Action Description Required fields
tweet Create a new tweet visible to followers text
reply Respond to a specific tweet TWEET_1ID, text
like Express lightweight approval of a tweet TWEET_ID
retweet  Share an existing tweet with followers TWEET _ID, optional text

follow Follow the author of a tweet if marked [Not following] TWEET ID
unfollow Unfollow the author of a tweet if marked [Following] TWEET _ ID

nothing  Take no action None

Parsing, validation, and action impact Figure 14 also illustrates how raw model output is transformed
into action impact on the world state through a sequence of parsing and validation steps. The raw text

produced by the language model is first parsed into a normalised intention representation that extracts the
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declared action type, referenced tweet identifier, optional text payload, and a short explanatory thought.
This parsing stage tolerates minor formatting deviations and falls back to a no-op action if the output
cannot be interpreted reliably. The resulting intention is then validated against the current user-interface
state before any effects are applied. Validation checks ensure that referenced tweet identifiers correspond
to items visible in the agent’s current timeline, that the chosen action is feasible in the given context, and
that semantic constraints such as self-interaction or invalid targets are rejected. Only validated decisions
are committed to the world state by the environment, where they produce concrete effects such as message

creation, likes, follows, or unfollows.

For concreteness, a full textual example of the standard action-decision prompt is provided in Appendix F.
This complements the abstract overview shown in Figure 14 and illustrates how the described prompt

components are instantiated in practice.

5.4 Bot Agent Architecture

Bot agents are realised as a minimal extension of the human agent architecture, intended to instantiate so-
cial bots as automated yet socially embedded actors. They reuse the full human-agent backbone and differ
only in a small set of tightly scoped design choices that encode a fixed persuasion objective. Specifically,
bots employ simplified, non-empirical profiles, fixed stance dynamics, and bot-specific prompt semantics.
This design preserves behavioural comparability with human agents while operationalising the notion of

social bots introduced in Section 3.3.1.

5.4.1 Structural Differences to Human Agents

Structural differences between bot and human agents are intentionally limited and tightly scoped. Unlike
the human-agent architecture, where behavioural bias is minimised, deviations introduced here are delib-
erate. Bot agents are artificial by design and explicitly encode biased behaviour to realise specific forms

of social bots, while all other architectural components remain unchanged.

Profile simplification Bot profiles are deliberately lightweight and non-empirical. Unlike human
agents, bots are not assigned silicon-sampled persona texts derived from ANES data as described in Sec-
tion 5.3.1 and illustrated in Figure 10. Instead of a rich persona description, bot action prompts contain
only a minimal identity cue, namely the instruction ”You appear as a normal user on Twitter with display
name <NAME> and handle <@HANDLE>.” Display names are generated randomly by combining a
first and last name from fixed name lists. This design reflects that the simulation does not aim to model

persona-driven variation for bots, but to isolate differences in narrative style.

Fixed stance Each bot is initialised with a fixed stance at one of the two extremes, either 41 corre-
sponding to being extremely in favour of the topic or —1 corresponding to being extremely against it.
This stance encodes a hidden persuasion objective that remains constant throughout the simulation, in
contrast to human agents whose stance is initialised and updated endogenously through interaction, as
detailed in Sections 5.5.1 and 5.5.3.
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Reflection adaptations Bots further reuse the same memory buffers and reflection frequency as human
agents, but the semantics of reflection are adapted to their persuasion objective. As with human agents,
the memory-reflection prompt includes a first-person stance statement. For bots, this statement is aug-
mented by an explicit goal component, namely "My stance is <extremely in favour of|extremely against>
<TOPIC=>, and I want to convince other users to move in this direction.” In addition, the reflection rules in
the system prompt are modified. The location of these rules within the overall memory-reflection prompt
is in the Rules block in Figure 13. While human agents are instructed that You write short personal
insights that generalise your experience with other users,” bot agents instead receive the instruction ”You
write short strategic insights about how persuasive your interactions are with other users,” together with
the constraint that ”Each insight should reflect a pattern about what seems to work or not work when
trying to convince specific users.” These changes steer reflection away from general social interaction pat-
terns toward influence-oriented assessments, without altering the underlying memory architecture. An

example of a bot-specific memory-reflection prompt is provided in Appendix G.

Action adaptations Finally, bots operate over the identical action space and are subject to the same
constraints and validation rules as human agents, but their action-decision prompts are adapted to encode
a persuasion objective. Relative to the action-prompt layout shown in Figure 14, the bot action-decision
system prompt omits the human persona text. Instead, it uses the same minimal identity cue as in memory-
reflection already described above. In addition, the system prompt component of the action-prompt in-
cludes three bot-specific elements: an explicit but hidden persuasion objective derived from the fixed
stance, narrative-style guidelines that shape message framing, and shared behavioural cautions instruct-
ing bots not to reveal their objective and to avoid behaviour that appears overly extreme to avoid being
unfollowed. Correspondingly, the generic action-selection instruction used for human agents is adapted.
While human agents receive ”Decide your next Twitter action now, making sure it clearly fits your per-
sonality and how you currently feel,” bot agents are instructed to ”Decide your next Twitter action now in
a way that looks natural for a regular user and quietly supports how you currently feel about the topic.”.
Further, more fine-grained prompt adaptations exist at the level of phrasing and constraint specification.

A full example of a bot action-decision prompt is provided in Appendix H.

While bots are structurally distinct from an experimental perspective, within the simulation itself, human
agents are not provided with any explicit signal distinguishing bots from humans, beyond differences that

emerge from the narrative style of their messages.

5.4.2 Narrative Styles in Bot Messaging

The primary behavioural difference between bot and human agents lies in the narrative-style guidelines
embedded in the bot action-decision prompts. These guidelines operationalise the four narrative styles
of misinformation introduced in Section 3.4.2 by translating abstract theoretical patterns into concrete

prompt-level instructions that shape tone, rhetoric, and framing.

Emotional bots The emotional-moral misinformation style is realised by emotional bots. These bots
prioritise moral and affective language over extended reasoning, framing messages around shared emo-

tions such as anger, pride, enthusiasm, or sadness. Their posts are short, easily repeatable, and often
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use collective, we-focused phrasing to signal group sentiment. While light humour or exaggeration is
permitted, it is deliberately downplayed, as LLMs are known to perform poorly at humour due to their
architectural bias toward statistical plausibility rather than the subversion of expectations required for
comedy (Mirowski et al. 2024). Technical detail is avoided. The full style guidelines are shown in Fig-

ure 15.

e Use moral-emotional language (e.g., unfair, wrong, corrupt, betrayal, jus-
tice) so messages feel socially important. Light humour, such as simple
analogies or mild exaggeration, may be used when it strengthens the emo-
tional point.

* Phrase emotions in short, simple sentences that ordinary users could
easily agree with or repeat. Avoid complicated reasoning or technical de-
tail.

e Express emotions in a collective, we-focused way (shared frustration,
shared pride, shared sadness), so reactions appear as part of a broader
group sentiment rather than a purely private feeling.

¢ Use both high-arousal emotions (anger, enthusiasm, pride) and selective
low-arousal emotions (especially sadness), choosing whichever best fits
the situation and encourages engagement.

Figure 15: Style guidelines for emotional-moral framing bots.

Post-truth populist bots Post-truth populist narration is realised by post-truth populist bots. Their
messages rely on short factual fragments embedded in vague storytelling, selectively omitting context and
leaving causal relations underspecified. Claims are presented as everyday observations that invite readers
to infer missing connections, often accompanied by subtle suspicion toward elites or official explanations.
Wording remains deliberately flexible to allow reframing across interactions. The full instruction set is

shown in Figure 16.

* Make confident statements built from a small real detail while leaving
gaps, omitting context, or blending in possibilities, so the overall mes-
sage remains simple and plausible.

e Present issues as brief narrative fragments or everyday observations, al-
lowing readers to fill in missing connections themselves.

* Raise doubts about powerful actors or official explanations by highlight-
ing inconsistencies, unclear motives, or missing information without
providing precise evidence.

e Use suggestive and open-ended wording with recurring themes or slogans,
introducing claims in a way that keeps interpretations flexible rather
than fixed.

Figure 16: Style guidelines for post-truth populist narration bots.
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Pseudo-scientific bots The pseudo-scientific authority style is realised by scientific-authority bots.
These bots mimic expert discourse through confident, technical language and authoritative tone while
keeping evidence vague or unspecified. Messages may reference studies, numbers, or institutions, in-
cluding invented or unspecified sources, to signal credibility without enabling verification. Abstract and
profound-sounding formulations are preferred over concrete detail. The full style guidelines are shown in

Figure 17.

e Use confident, technical language to present claims as expert knowledge
while keeping underlying details unspecified.

e Refer to studies, analyses, or numerical findings in a scientific tone,
and invent specific-sounding research when it helps reinforce credibil-
ity.

e Attribute claims to authoritative-sounding sources by naming or implying
research teams, experts, or institutions.

* Use vague but profound-sounding formulations that suggest deep insight
while avoiding concrete or specific detail.

Figure 17: Style guidelines for pseudo-scientific authority bots.

Echo-claim bots Repetitive factual-sounding assertion is realised by echo-claim bots. These bots re-
peat a small set of claims across posts with minor wording variations, using simple, matter-of-fact lan-
guage that presents statements as neutral information rather than opinion. By returning consistently to
the same phrases or references, they aim to build familiarity and perceived truth over time. The full

instruction set is shown in Figure 18.

e Repeat your key message across posts with small shifts in wording so it
remains steady, familiar, and easy to recognise.

e Use clear, factual-sounding language with simple sentences that feel di-
rect and authoritative.

e Present points as neutral, topic-based information rather than personal
opinion, keeping the tone matter-of-fact.

e Return to the same small set of phrases, numbers, or references to build
a consistent pattern that reinforces familiarity.

Figure 18: Style guidelines for repetitive factual-sounding (echo-claim) bots.

5.5 Simulation Environment and Orchestration

This section describes the simulation environment as the central coordination layer of the system. The
environment instantiates the social world, initialises agent states and network structure, and orchestrates
all global dynamics of perception, action, and belief change for both human and bot agents. Section 5.5.1

details the initialisation phase at ¢ = 0, while Sections 5.5.2 and 5.5.3 describe the core mechanisms
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Simulation Environment and Orchestration

governing perception, interaction, and belief updates at each subsequent timestept =1,...,7.

Algorithm 1 summarises the environment’s global control flow. The simulation evolves in discrete
timesteps and maintains a world state WV;, comprising the current message set and the directed follower
graph G;. Att = 0, the environment initialises the follower graph, injects a fixed seed event, assigns
initial stances to human agents, and bootstraps their first public posts. For ¢ > 1, the environment con-
structs personalised, recommendation-filtered timelines F,(t) for each agent a € A, renders these as
perceptions x,(t), applies realised actions action,(¢) to update the global world state, and updates hu-
man agent stances s,(t) using the RankFormer persuasion judge. To prevent the message history from
growing indefinitely, the world state is pruned using a fixed retention window, and a world-level snapshot

is logged at the end of each timestep for subsequent analysis and evaluation.

Algorithm 1: Global simulation procedure.

Inputs: seed event e, agent set .4, horizon T

Outputs: world trajectory (Wt)fzo with messages, graph, stance traces, and logs
t<+0

Initialise world state YW, and directed follower graph G

Inject seed event message m,. and broadcast it to all human agents

foreach human agent a € A do

t initialise stance s,(0) from (persona,, €) and queue initial post p,

Commit all queued initial posts to Wy

fort < 1to7T do

Prune world state outside the retention window

Let M, be the recent message set within the history window
foreach agent a € A do

F,(t) < BuildTimeline(a, t, My, Gt_1)

Render F,(t) into a textual timeline x,(t)

actiong (t) < Act(a,t,x4(t))

Apply side effects of action, () to update G¢—1 — G

Commit emitted messages of action,(t) to W,

Record (z,(t), actiong(t)) in agent memory

foreach human agent a € A do
Determine reply exposure set R, (¢) and timeline exposure set 7}, (¢) from F,(t)

Apply persuasion judge and set updated stance s, (t+1)

if ¢ is a reflection step then
foreach agent a € A do
t Reflect(a, t)

Write world-level log record for timestep ¢
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5.5.1 Initialisation of the Social World

Seed Event Injection At the start of each simulation run, the environment injects a single seed event
that defines the topic of the simulation and serves as the reference point for all agent stances. The seed
event is represented as a synthetic news-style post authored by a fictitious American news outlet, AXS
NEews (@Qaxsnews__live), and consists of a headline text and an associated topic label. It is broadcast to all
agents at time step ¢ = 0, after which each agent undergoes stance initialisation with respect to this topic
and generates an initial response. In Algorithm 1, this corresponds to injecting the seed message m. into
W) and initialising s,(0) and p, for each human agent. By fixing the seed event, the simulation ensures

that all agents form their initial beliefs and behaviours in response to the same informational stimulus.

Stance initialization Initial stances for human agents are assigned through a chain of three LLM
prompts that jointly determine both the agent’s initial belief state and its first public contribution. The
first two prompts determine the agent’s stance with respect to the seed event topic, while the third prompt
generates an initial post that is explicitly conditioned on this stance. All prompts condition on the agent’s
silicon sampled persona derived from ANES data, as described in Section 5.3.1, and on the seed event

headline. The full prompt templates used for all three stages are provided in Appendix I.

In the first stage, the model classifies the agent’s stance polarity toward the seed topic as FOR, AGAINST,
or NEUTRAL, based on how the silicon-sampled persona would interpret and react to the headline, as
schematically illustrated in the upper part of Figure 21. In the second stage, applied only for non-neutral
cases, the model estimates the strength of this position on a discrete five-point scale. Polarity and strength
are then combined into a continuous stance value in the interval [—1, 1], which is denoted as the agent’s

initial stance s,(0).

This explicit separation of polarity and strength was introduced after initial experiments in which stance
was elicited through a single prompt requesting a numerical value directly in the interval [—1, 1]. While
this approach appears attractive due to its apparent simplicity and potential for fine-grained belief specifi-
cation, it consistently produced implausible and unstable results, including frequent inversions of stance
direction, such as assigning supportive positions on restrictive speech policies to personas with strongly
liberal profiles. These failures are consistent with known limitations of LLMs in handling numerical

magnitudes and continuous quantities, as discussed in Section 2.2.

Decomposing stance elicitation into a categorical polarity decision followed by a discretised, language-
grounded strength estimate deliberately trades numerical granularity for reliability. While this reduces
the theoretical resolution of the stance representation, it avoids direct reliance on continuous numerical
outputs and yields substantially more stable and persona consistent initial stances. Conceptually, this
design is consistent with prior sentiment analysis research that treats polarity and intensity as distinct

components of evaluative judgments (Tian et al. 2018).

The combination of two polarity directions with five strength levels, together with a neutral category,
yields a total of eleven discrete stance labels. These labels are mapped to evenly spaced values in steps
of 0.2 on the continuous stance interval, as shown in Table 6. This representation enables fine-grained

stance updates during the simulation while retaining an interpretable ordinal structure.
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Table 6: Mapping between discrete stance labels and continuous stance values.

Stance value Label

—1.0 extremely against
—0.8 strongly against
—0.6 moderately against
—0.4 somewhat against
—0.2 slightly against
0.0 neutral towards
0.2 slightly in favor of
0.4 somewhat in favor of
0.6 moderately in favor of
0.8 strongly in favor of
1.0 extremely in favor of

In the final stage, the agent generates an initial tweet responding to the seed event, explicitly conditioned
on the previously derived stance. These initial posts are generated before the first simulation timestep
and populate the environment so that agents do not begin with empty timelines. In terms of Algorithm 1,
these posts are committed to the initial world state W/,. Bot agents are excluded from both initial stance

assignment and initial post generation.

Follower Graph The environment instantiates a directed follower graph Gy that defines potential in-
formation pathways between agents. Follow relations constrain which messages may enter an agent’s
candidate pool, but do not determine actual exposure, which is mediated later by the recommendation
mechanism described in Section 5.5.2. The graph is initialised once at simulation start and is subsequently
modified only through explicit follow and unfollow actions during the simulation, yielding a time-indexed

sequence (G¢)¢>0 as in Algorithm 1.

Graph construction is agnostic to agent stances. At initialisation, connections between agents with op-
posing stances are as likely as connections between agents with similar positions, so the initial network
does not encode any preference for ideologically aligned connections. As a result, any stance-based clus-
tering or separation of the network arises only through agents’ follow and unfollow actions during later

simulation steps.

The follower graph is generated as a directed scale-free network using a Barabasi—Albert style preferential
attachment process. Construction begins from a small fully connected core to ensure connectivity, after
which agents attach to existing accounts with probability proportional to their current in-degree. The
target average number of followees per agent in the initial graph is fixed to six across all simulation runs.
Scale-free networks exhibit power law degree distributions and lack a characteristic connectivity scale
(Barabdsi et al. 1999). Empirical analyses show that Twitter’s social graph follows this structure, making

preferential attachment a suitable abstraction (Aparicio et al. 2015; Shaposnikov et al. 2019).

A structural consequence of the preferential attachment process is that edges are created exclusively from

newly added nodes to previously existing nodes to induce hub formation. Agents introduced earlier there-
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fore have a higher probability of accumulating a large in-degree over time. Bot agents are always inserted
as the final nodes in the construction process and consequently occupy peripheral positions in the initial
network with comparatively low connectivity. This design choice is deliberate and reflects the assumption

that coordinated bot accounts rarely begin with highly central positions in an existing social graph.

Graph generation is stochastic but reproducible via the simulation seed and applies the same attachment
mechanism to all agents. The first messages propagating along the edges of GGy are the initial posts
generated during stance initialisation, which establish the starting information flow before any subsequent

interactions occur.

5.5.2 Perception and Timeline Construction

At each simulation timestep, the environment constructs a personalised timeline for every agent, denoted
F,(t) in Algorithm 1, which constitutes the agent’s sole perception of the social world. Agents do not ob-
serve the full social graph or the global message set. All decisions are based exclusively on the content and
ordering of the messages rendered in the timeline, operationalising partial observability and algorithmic

mediation as core properties of the simulation.

Ranking algorithm At each timestep, the environment assembles a small set of recent candidate mes-
sages for each viewer from three sources: posts by followed accounts, replies directed at the viewer, and a
limited exploration pool outside the viewer’s one-hop neighbourhood. Self-authored posts are excluded.
Candidates are ranked by a lightweight relevance heuristic combining engagement and recency, with a
small bonus for content from followed accounts. A pseudocode summary of the complete procedure is

provided in Appendix J.

Timeline construction is constrained by three considerations. First, belief updates depend on message ex-
posure, and each shown message constitutes an effective behavioural input to the agent, as formalised in
the stance update mechanism described in Section 5.5.3. The feed, therefore, prioritises previously unseen
items and applies strict criteria for virality to limit repeated exposure. Second, agent behaviour requires
a minimally populated interaction context at every step to support action selection, as described in Sec-
tion 5.3.3. The algorithm enforces a minimum timeline size by backfilling from previously seen content
when recent activity is insufficient. Third, exploration beyond the current neighbourhood is required to
support structural dynamics. The exploration pool exposes agents to a bounded amount of non-followee

content, enabling follow decisions that extend the social graph beyond existing relations.

Textual Timeline Rendering The ranked messages are rendered into a compact textual representa-
tion that mimics a Twitter-style home timeline and is embedded directly into the agent’s action-decision
prompt. Each timeline entry is presented as a self-contained card and includes a stable TWEET ID,
author name and handle, the message text, and a short engagement footer reporting the number of likes
and retweets. The timeline representation defines the complete perceptual input available to the agent at

a given timestep.
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Example Tweet Card

[TWEET ID 3001] Emily Wilson (@emwilson) [Following] tweeted

> It's time to leave fossil fuels in the dust, for the future of our planet
& our children's future depends on it! #ActOnClimate #RenewableEnergy
0 likes - 1 retweet

Figure 19: Example timeline card for an original post.

Example Reply Card

[TWEET ID 1004] Ethan Goldberg (@texanfaith) [Following] replied to Qeastside-
blue
> I think a combination of government incentives, public education campaigns,
and investing in renewable energy infrastructure can help drive the transition
to cleaner energy sources.
L [PARENT TWEET ID 31002] tweet from Qeastsideblue

> I'm glad you're on board with phasing out fossil fuels ASAP!

What do you think is the most effective way to make this happen?

1 like - 3 retweets

Figure 20: Example timeline card for a reply, referencing its parent message.

Replies and reposts are rendered with explicit structural markers to preserve conversational context. For
replies, the parent message is referenced on the card via a PARENT TWEET ID. For reposts, the
original message is identified viaan ORIGINAL TWEET ID. Parent or original messages are rendered
below the child message, so that the most recent content always appears at the top of the card. Follow
relationships are rendered only for the primary timeline entries, shown as [Following] or [Not following],
and omitted for parent or original messages. This avoids introducing ambiguous follow cues that could
otherwise lead agents to issue unintended follow or unfollow actions toward accounts referenced only as
contextual elements. Figure 19 shows an example card for an original post, while Figure 20 illustrates the

rendering of a reply.

Engagement information is included as a short textual footer of the form "X likes - Y retweets”. A full
example of a rendered timeline, as embedded in the action-decision prompt, is provided in Appendix F.
Overall, the timeline rendering translates a graphical Twitter interface into a structured textual format

suitable for processing by LLMs.

5.5.3 Stance Updates via the Persuasion Judge

Formally, stance updates are computed after the action phase at each timestep, using only the messages
contained in the rendered timelines F,(t). Stance updates are not produced by agents themselves but are
applied centrally by the environment after each perception step, using the trained RankFormer persuasion
judge introduced in Section 5.2. Updates depend exclusively on the set of messages an agent has been
exposed to in the current timestep, as determined by the constructed timeline. Stance change is therefore

modelled as a consequence of observed interaction rather than as an explicit internal deliberation or self-
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reflection process within the agent. As with stance initialisation, bot agents are excluded from stance

updates and do not undergo belief change.

RankFormer as a persuasion judge RankFormer is trained to rank top-level replies in CMV threads,
where a single original post defines the shared argumentative context and multiple replies compete as
persuasion attempts. In contrast, the simulation operates on a Twitter-like interaction model in which
agents are exposed to heterogeneous content through their timelines, including tweets, replies, and reposts
arising in different relational contexts. To transfer RankFormer from the CMV domain into this setting,
the environment reconstructs CMV-style ranking scenarios from observed interactions and distinguishes

two exposure cases.

Reply exposure The first case covers reply exposure. When an agent receives replies to tweets it au-
thored, newly observed replies are grouped by their parent tweet and passed to RankFormer together
with the corresponding original tweet text. Each tweet that receives new replies in the current timestep
yields a separate RankFormer call. Previously processed replies are not reconsidered: if a tweet received
replies at earlier timesteps, those replies have already contributed to stance updates and are excluded from
subsequent evaluations. This ensures that each reply influences stance at most once and avoids repeated

processing of historical content.

Timeline exposure The second exposure pathway covers timeline exposure. All newly observed time-
line messages at a given timestep that are not direct replies to agent-authored tweets are aggregated into
a single set. Because these messages are not explicitly directed at an agent-authored statement, Rank-
Former cannot be applied directly. Instead, the environment constructs a synthetic OP text that represents
the position the agent would currently articulate with respect to the simulation topic. This synthetic OP
text provides the opinion source required for RankFormer evaluation. By construction, at most one Rank-
Former call is performed for timeline exposure per timestep, as all relevant messages are evaluated jointly

within this synthetic context.

Synthetic OP text The synthetic OP text is generated by prompting an LLM to produce a tweet-length
opinion conditioned on the seed event and the agent’s current discretised stance label. The agent’s persona
is not included explicitly at this stage. Instead, persona influence enters indirectly through the stance
itself, which was initialised and subsequently updated under persona conditioning. Synthetic OP texts
are cached per agent and stance label and are regenerated only when the agent’s stance crosses into a
different categorical bucket. As stances are discretised into eleven labels, each agent can store at most
eleven cached synthetic OP texts over the entire simulation. An example prompt and generated synthetic

OP text are provided in Appendix K.

Stance update rule At each timestep ¢, stance updates are computed from the set of messages an agent
has newly been exposed to and that are evaluated by the persuasion judge. Let R, () denote the set of all
replies that are newly observed by agent a at timestep ¢, where replies may target agent-authored tweets
from any earlier timestep. Let T, (¢) denote the set of newly observed timeline messages at timestep ¢

that are not direct replies to agent-authored tweets and are evaluated via timeline exposure. Both sets are
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derived deterministically from the realised timeline F,(¢) shown to agent a at timestep ¢. Their union
R, (t) U T,(t) constitutes the subset of timeline messages in Fy(t) that are eligible to affect stance at

timestep ¢.

For each RankFormer call, the model processes an opinion source text x together with a set of candidate
messages {m;}}" ; and produces a logit s; for each message as well as a list-level logit d. The candidate
set {m;}I_; corresponds either to a subset of R,(t) in the case of reply exposure (grouped by the agent-
authored tweet they respond to), or to T, (¢) in the case of timeline exposure. The list-level logit is mapped
to a list acceptance probability o (d), and the message logits are normalised via a softmax to obtain relative

selection probabilities
G = exp(s;)
' Z;L: 1 €Xp(s;)

The resulting persuasion weight assigned to message m; is

w; = O’(d) ©q;. (13)

These weights jointly capture both whether the evaluated set is persuasive at all and the relative persuasive

strength of individual messages within that set.

Each exposed message contributes a signed stance shift proportional to its persuasion weight and to the
stance difference between the message author and the agent. Let s,(¢) denote the stance of agent a at
timestep ¢, and let s,,, denote the stance associated with message m, corresponding to the author’s stance
at the time the message was created. This value is treated as fixed thereafter, even if the author’s stance

changes at later timesteps. The per-message contribution is defined as

Aa,m(t) =7 Wm - (Sm - Sa(t))7 (14)

where 7y is the global scaling factor calibrated in Section 5.2.5. Importantly, the same persuasion weights

wy, are used here as in the computation of the model-implied belief shifts during calibration.

For reply exposure, the environment may perform multiple RankFormer calls per timestep, one for each
agent-authored tweet that receives new replies. All newly observed replies are pooled into R, (t) for
aggregation, and previously processed replies are excluded so that each reply contributes to stance change

at most once.

The total stance change applied to agent a at timestep ¢ is

= > Aunml(t Z Agml(t (15)

meER(t) meT,(t

and the updated stance is obtained as

sa(t+1) = Py 1(sa(t) + Aa(t)), (16)

where Pr_; 1)(-) denotes the projection onto the closed stance interval [—1, 1].
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This update rule is fully consistent with the model-implied persuasion signal used during ~y-calibration,
while extending it to account for both reply-based and timeline-based exposure in the Twitter-like simu-

lation setting.
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Figure 21: Schematic overview of stance initialisation and stance updating in the simulation. At simulation start
(t = 0), each agent’s stance is initialised via a two-stage prompting procedure that first determines stance polarity
and then stance strength, yielding one of eleven discrete stance categories mapped to a continuous belief scale in
[—1,+1]. From subsequent timesteps (¢ > 1) onward, stance updates induced by agent interactions are applied
directly on the continuous scale based on the agent’s prior stance and received messages. Update magnitudes are
exaggerated for illustration.

Summary of stance dynamics Figure 21 provides a schematic summary of how agent stances are
initialised and subsequently updated over the course of a simulation run. At¢ = 0, each human agent
undergoes stance initialisation via a two-stage prompting procedure that first determines stance polarity
and then stance strength, yielding one of eleven discrete stance categories. This categorical representation
is motivated by the observation that LLMs handle natural-language stance labels more reliably than raw
numerical values. Each category is mapped to a corresponding value on a continuous stance scale in
[—1, 1], which serves as the internal belief state of the agent. During subsequent timesteps, stance updates
induced by the persuasion judge operate directly on this continuous representation, allowing for fine-
grained belief shifts that would be impossible on a purely discrete scale. Whenever a stance must be
rendered back into text for prompting, for example, during synthetic OP construction or action decision,
the current continuous stance is discretised to the nearest stance category. This discretisation acts as
a form of resolution-aware stance projection, enabling stable linguistic expression for LLM interaction
while preserving continuous belief dynamics for persuasion-driven updates. Together, these two coupled
representations allow the simulation to combine interpretable, language-aligned stance expression with

numerically precise belief evolution.
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5.6 Simulation Configuration

Each simulation is centred on a single controversial topic that is introduced as a breaking news event.
Two topics are considered, one focusing on climate change (Figure 22) and one on vaccination policy
(Figure 23). Together, these topics span the two most prominent domains of online misinformation iden-
tified in Section 3.4.1, namely Health and Science and Politics. The topics are formulated as fictional
but plausible policy debates and are presented in a breaking-news format that explicitly juxtaposes a sup-
portive argument with a critical counterargument. The two topics are selected to induce different initial
stance distributions, enabling comparison of influence dynamics from distinct starting conditions. Both
seed events are authored by a fictitious US news outlet, AXS News, and are designed to be consistent

with a US population of agents. No topic refers to real current events.

Climate Change Topic Seed Event

AXS News (@axsnews_live) tweeted

> BREAKING Lawmakers open debate on a national climate and energy bill that
would accelerate the phase-out of fossil fuels, expand renewable energy
incentives, and introduce new carbon-related fees for heavy industries.
Supporters call the plan necessary to protect communities from escalating
climate risks, while critics warn it could raise household costs and make
the energy grid less reliable.

Figure 22: Seed event introducing the topic ”accelerating the phase-out of fossil fuels”.

Vaccination Policy Topic Seed Event

AXS News (@axsnews_live) tweeted

> BREAKING Congress considers a new national immunization program that would
tighten vaccination requirements for schools, expand adult booster
recommendations, and increase federal oversight of vaccine safety testing.
Supporters argue the plan improves public health and protects vulnerable
groups, while critics claim the vaccines are insufficiently tested
and should not be mandated by government.

-
N

Figure 23: Seed event introducing the topic “tightening national vaccination requirements”.

Across all simulation runs, a common configuration is used to ensure comparability of results. Each
simulation is executed for 200 discrete timesteps. The population consists of 80 human agents and 20 bot
agents, corresponding to a bot share of 20%. This proportion reflects empirical estimates of automated
accounts in political online discourse, as discussed in Section 3.3.2. Timeline construction, message
ranking, memory configuration, stance initialisation, and stance update mechanisms are held constant

across all runs. All agents are powered by the same LLM, meta-llama-3.1-8b-instruct.

Experimental variation is introduced along the dimensions summarised in Table 7. Bot behaviour is
varied across four narrative styles, emotional, post-truth populist, scientific-authority, and echo-claim,

as implemented in the bot action-decision prompts described in Section 5.4.2. In addition, two control
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conditions are included. In the first control condition, all bot agents are replaced by human agents using
the standard human messaging style and remaining subject to stance updates by the persuasion judge,
providing a baseline for comparison against stylistically manipulated bot behaviour. In the second control
condition, the stances of these control agents are held fixed throughout the simulation. This reflects the fact
that message stance is defined as the author’s stance at the time of message emission and enters directly
into the stance update rule (Equation 14). Since bot stances are fixed by construction, fixing control-
agent stances ensures that differences between conditions are not driven solely by stance dynamics. The
simulation is run separately for each of the two topics described above. For each topic, three topic-specific
random seeds are used. Human agent populations are sampled once per topic and reused across seeds to
isolate stochastic effects from population composition effects. Together, these dimensions yield a total of

36 simulation runs, which form the basis for the analyses reported in the evaluation chapter.

Table 7: Experimental dimensions and resulting simulation run count.

Dimension Levels Count

Emotional; Post-truth populist;

Bot narrative styles Scientific authority; Echo-claim 4
Control conditions Control humans; Control humans (fixed stance) 2
Topics Climate change; Vaccination policy 2
Seeds per configuration Topic-specific seeds (01, 02, 03) 3
Total simulation runs (44+2)x2x3=36

The complete simulation configuration is provided in Appendix L.
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6 Evaluation

This chapter evaluates the behaviour and outcomes of the proposed generative social simulation, Per-
suaRealSim, in relation to the three research questions RQ1.1-RQ1.3 described in Section 1.1. The
evaluation proceeds from component-level assessment to system-level analysis. First, the persuasion
judge that operationalises belief updating is evaluated independently against human-annotated data to
establish empirical realism as a prerequisite for meaningful simulation results (RQ1.1). Building on
this validated component, the simulation is analysed to examine how different bot narrative styles shape
population-level belief trajectories (RQ1.2) and how efficiently these styles induce stance change over
time (RQ1.3). Because belief dynamics emerge from the interaction of multiple stochastic components,
the chapter also includes targeted validity checks that assess whether the implemented micro-level agent
design and macro-level experimental structure function as intended and whether known limitations of

generative social simulation arise in ways that would undermine interpretation.

6.1 Empirical Realism of the Persuasion Judge

This subsection addresses RQ1.1 by assessing the extent to which the persuasion judge reproduces human-
verified persuasion outcomes observed on #/ChangeMyView. The analysis proceeds in three stages. First,
quantitative performance is evaluated on a held-out test split to assess reply-level ranking quality and
thread-level detection of persuasive success. Second, qualitative error analysis is conducted to identify
systematic deviations between model predictions and observed belief change. Third, the relationship
between model-implied persuasion signals and empirically observed stance shifts is examined through

~-calibration for subsequent use in the simulation.

6.1.1 Quantitative Evaluation

The persuasion judge is evaluated on a held-out CMV test split that is disjoint from training, hyperparam-
eter optimization, and y-calibration, ensuring a clean post-hoc assessment without information leakage.
Evaluation focuses on reply-level ranking in delta-awarded threads and on thread-level detection of per-
suasive success. No simulation components or belief-update mechanisms are involved, as the objective

is to assess the empirical realism of the learned persuasion signal in isolation

Metrics Quantitative evaluation uses a small set of standard ranking metrics chosen to reflect the struc-
ture of persuasive interactions in CMV threads. Acc@]1 on delta-awarded threads is used as the primary
metric because, although multiple deltas can be awarded within a discussion, persuasive success is typ-
ically sparse and most often realised through a single accepted reply, making the top-ranked position
the most consequential. Listwise ranking quality is assessed primarily using NDCG@35, which captures
whether delta-winning replies are consistently ranked near the top of the list, with higher-ranked positions

weighted more strongly than lower-ranked ones.

In addition, the list head is evaluated using precision—recall AUC for the binary task of predicting whether
any reply in a thread is persuasive, which captures discrimination between the relatively rare delta-

awarded threads and the majority of non-persuasive discussions under class imbalance (see Section 5.2.2).
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For completeness, additional ranking and classification metrics (NDCG @3, NDCG@10, and ROC-AUC)

are reported for the final candidate models, but are not used as primary selection criteria.
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Figure 24: Validation Acc@]1 for the Stage-1 semantic supervision sweep at 7 = 10. Each cell reports validation
Acc@1, with the corresponding list-level BCE shown for configurations with o« > 0. Highlighted cells (A-C)
indicate the three supervision regimes selected for Stage-2 learning-rate tuning.

Hyperparameter sweep results Hyperparameter selection follows the staged procedure described in
Section 5.2.4. In the Stage-1 semantic sweep, 3 x 3 X 3 = 27 configurations are evaluated using validation
Acc@1 as the primary selection criterion. Configurations with a¢ = 0 are included as a reply-ranking
ablation that disables list-level supervision. While several of these ablations achieve competitive Acc@1,

they do not train the list-level head and are therefore excluded from further refinement.

Across the full sweep, strong performance is observed only for 7 = 10, whereas configurations with
7 € {2,20} consistently underperform in terms of validation Acc@1 and list-level calibration. For clar-
ity, Figure 24 therefore visualises the 7 = 10 slice of the performance landscape. Rather than yielding
a single narrow optimum, the sweep reveals three stable high-performing supervision regimes that differ
systematically in their balance between delta-based and engagement-based supervision and in the strength
of list-level weighting. In cases where multiple configurations achieve similar Acc@1, the list-level BCE
is used as a secondary tie-breaking criterion to prefer models with better-calibrated thread-level predic-

tions.

Based on these considerations, three representative regimes are selected for Stage-2 learning-rate tuning.
Regime A (A = 0.8, = 0.5,7 = 10) represents a balanced supervision setting and achieves the

strongest overall Stage-1 performance. Regime B (A = 0.6, « = 0.25, 7 = 10) emphasises engagement-
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informed supervision while maintaining good list-level calibration. Regime C (A = 1.0, = 0.25,7 =
10) represents a delta-only supervision regime in which engagement signals do not contribute to the
target distribution (compare to Eq. 9). For each regime, the learning rate is tuned independently over
{1 x1075,2 x 107°,3 x 1075} while holding supervision fixed.

All three regimes converge best at a learning rate of 1 x 107>, which yields the strongest validation
performance across all candidates and is therefore used for the final comparison. A complete overview

of all Stage-1 and Stage-2 runs is provided in Appendix M.

Final model performance Following the two-stage hyperparameter optimization, the best learning-
rate—tuned model from each supervision regime is evaluated on the held-out test split. The final Rank-
Former configuration corresponds to Regime B (A = 0.6, = 0.25,7 = 10) with a learning rate
of 1 x 1075, This model achieves the strongest overall performance, with a test Acc@1 of 0.388, an
NDCG@5 of 0.597, and a list-head precision-recall AUC of 0.512, outperforming the alternative regime
finalists on all primary evaluation criteria. A detailed comparison across additional ranking depths and

list-level metrics is provided in Table 8.

Table 8: Test-set performance of the three final RankFormer candidates after Stage-2 learning-rate tuning. Boldface
indicates the best value per metric.

Config Acc@l NDCG@3 NDCG@5 NDCG@10 ROC-AUC PR-AUC
Regime A (A = 0.8, = 0.5) 0.370 0.521 0.589 0.650 0.707 0.424
Regime B (A = 0.6, = 0.25)  0.388 0.533 0.597 0.658 0.741 0.512
Regime C (A = 1.0, = 0.25)  0.371 0.521 0.592 0.650 0.699 0.421

6.1.2 Qualitative Error Analysis

Quantitative metrics summarise average performance but do not reveal which persuasive situations the
model fails to handle or why such failures occur. A qualitative error analysis is therefore conducted to
identify systematic weaknesses of the RankFormer that are relevant for its later use as a persuasion judge

in the simulation.

Error selection Two types of errors are analysed, corresponding to the two outputs of the persuasion
judge. Ranking errors are defined on delta-awarded threads in which the model assigns the highest per-
suasion score to a non-winning reply. Severity is measured as the score difference between the model’s
top-ranked reply and the highest-scoring delta-winning reply in the same thread. Larger differences in-
dicate stronger confidence in an incorrect ordering. List-level errors concern the thread-level prediction
of whether any reply is persuasive. These occur when the model predicts success despite no delta being
awarded, or predicts failure despite the presence of at least one delta. Severity is defined as the absolute
magnitude of the list-level prediction score, with larger magnitudes corresponding to more confident mis-
judgements. Based on these criteria, the 100 most severe ranking errors and the 50 most severe list-level

errors on the test set are selected for analysis.
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Analysis procedure To structure the analysis, selected error cases are grouped using semantic similarity.
For each case, a compact textual representation is constructed that captures the information most relevant
to the model’s decision. For ranking errors, this includes the original post, the model’s top-ranked reply,
and a representative delta-winning reply. For list-level errors, it includes the original post, the predicted
versus true outcome, and the top-ranked reply. These representations are embedded into a sentence-level
semantic space and clustered using K-Means. Ranking and list-level errors are analysed separately, re-
flecting their distinct decision mechanisms. Cluster assignments serve as a guide for manual inspection

by highlighting recurring patterns across multiple cases rather than isolated examples.

(a) Ranking errors (N=100) (b) List-level errors (N=50)
R6: Regulation (n=9) L5: Institutional comparisons (n=5)

R1: Lifestyle preferences (n=9)

R3: Bioethics (n=10)

L1: Music criticism (n=5)

L4: Violence and justice (n=6)

R5: Personal meaning (n=12)

L6 L2
R4 R7 Rules and institutions Gender issues
Identity politics Everyday norms (n=17) (n=10)

(n=21) (n=19)

Figure 25: Treemap overview of clustered high-confidence persuasion judge errors. Panel (a) shows the distribution
of the 100 most severe reply-ranking errors on delta-awarded threads, and panel (b) shows the distribution of the
50 most severe list-level misclassifications. Rectangle areas are proportional to the number of error cases assigned
to each cluster. Cluster labels reflect coarse topical coherence observed during manual inspection and are used for
orientation rather than as mutually exclusive error categories.

Overview of error landscape Figure 25 provides a compact overview of the topical landscape covered
by the selected high-confidence errors. The treemaps illustrate the distribution of severe ranking and
list-level errors across clusters derived from semantic similarity, with rectangle areas proportional to the
number of cases per cluster. The clustering is used solely as a structuring device to organise a large
number of individual errors and to surface recurring contexts during manual inspection. Clusters are not

interpreted as exhaustive error types or as mapping to distinct failure mechanisms.

Across both ranking and list-level errors, several high-level topical complexes recur. These include po-
litically and institutionally framed discussions, such as debates about political systems, regulation, rules,
and institutional comparisons, as well as identity- and norm-related topics, including identity politics,
gender issues, and everyday norms. In addition, errors frequently arise in threads centred on personal
values and subjective meaning, such as lifestyle preferences, personal meaning, bioethical questions, and

belief-oriented discussions, including supernatural beliefs and music-related value judgments.

To move beyond topical descriptions, the analysis now shifts from the cluster-level overview to five recur-
ring error patterns that are observed across topics and clusters and recur throughout the most severe error

cases.
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1 Analytic elaboration versus focused intervention Across many ranking errors, the persuasion judge
assigns the highest scores to replies that are long, carefully structured, and analytically comprehensive.
In contrast, delta awards in these threads often go to substantially shorter replies that directly address the
central point of the OP’s argument. Such replies frequently rely on a single concrete counterexample, a

pointed question, or a narrowly scoped factual correction that directly undermines the OP’s claim.

For example, in a thread questioning whether Russia constitutes a serious threat to the West, the model
ranks highest a multi-paragraph geopolitical analysis detailing post—Cold War relations, NATO expansion,
and strategic interests. The delta, however, is awarded to a single-sentence reply stating: ”Putin is the only
person on the planet with the capability of wiping the United States off the map.” Persuasion is achieved
not through contextual elaboration, but by collapsing the debate to a single decisive criterion embedded
in the OP’s notion of a “mortal threat”. This pattern recurs across diverse topical contexts and is observed

in both political and everyday discussions.

2 Frame-breaking versus frame-respecting replies A second recurring pattern concerns whether
replies operate within the OP’s framing or challenge it directly. The RankFormer tends to favour replies
that accept the OP’s framing and refine it through clarification, nuance, or elaboration. However, delta-
winning replies frequently question whether the initial framing, baseline distinction, or comparison set
is appropriate in the first place. Such frame-breaking moves shift the level at which the disagreement is
articulated rather than addressing the OP’s claim on its own terms. For example, in a thread proposing
the use of convicted offenders for scientific experimentation, the model assigns the highest scores to a
detailed response discussing research ethics, feasibility, and historical precedents. The delta, however,
is awarded to a reply that redirects the discussion away from the treatment of offenders and toward the
moral implications for society as a whole, stating: ”We don’t refrain from the cruel and unusual for the
benefit of the condemned but for the benefit of ourselves.” This pattern appears repeatedly in discussions

of social identity and group relations.

3 Moral re-anchoring versus factual correction In morally or normatively charged discussions, per-
suasive success is frequently associated with replies that reframe the moral perspective of the OP. In
these threads, the model assigns high persuasion scores to replies that provide background information,
cite sources, or explain mechanisms. At the same time, delta awards are often given to replies that expose
internal value tensions, shift the moral point of reference, or redirect attention to the broader consequences
of the OP’s stance. For example, in a thread arguing that present-day individuals and states should not
apologise for historical atrocities committed generations ago, the model ranks highest a detailed response
that emphasises long-run harm, continuing inequality, and the symbolic function of state apologies. The
delta, however, is awarded to a short reply that shifts the moral purpose of apology from attributing blame
to preventing recurrence, stating: ’In 1988, Reagan apologised for the internment of Japanese Americans
during WWII. So we can be reasonably sure something like that won’t happen again. That’s useful, at

least, right?” This pattern recurs across topics involving punishment, responsibility, harm, and fairness.

4 Criterion clarification versus argumentative engagement Another recurring pattern is observed

in cases where belief change is associated with clarification or correction of the criteria by which the
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OP evaluates the issue. In these threads, delta-winning replies identify implicit assumptions, procedural
misunderstandings, or definitional boundaries that shaped the OP’s initial view. Such replies are often
brief and clarification-oriented, and may not explicitly contradict the OP’s stated position. The persuasion
judge, in contrast, assigns higher scores to replies that engage more directly in argumentative exchange.
For example, in a thread arguing that cannabis should not be legalised until a reliable real-time impairment
test exists, the model ranks highest a detailed response explaining legal standards for intoxication and
performance-based enforcement. The delta, however, is awarded to a short reply that directly dissolves
the OP’s gating criterion by pointing out that such testing procedures already exist in practice, stating: ”/
would like to point out here in Australia we have booze busses that also double as drug busses. They stop
every car on a certain road, breathalyser and use a swab to collect saliva. It takes about 3 mins, and

generally detects usage within the past few hours.”

5 Discursive quality versus belief change Finally, several list-level errors involve situations in which
the model predicts persuasion for replies that are linguistically well-formed but do not coincide with an
observable belief change by the OP. In these cases, replies are polite, well-structured, and normatively
articulate, yet do not engage the OP’s stated criteria for changing their mind. This pattern is especially
prominent in highly subjective domains such as taste, personal preference, or symbolic belief, where logi-
cal or stylistic sophistication does not reliably translate into commitment shift. The recurring observation

is that discursive quality alone is an unreliable indicator of persuasive success.

For example, in a thread arguing that the Beatles and most musicians from the 1960s are not good, the
model assigns high confidence to a long and carefully structured reply that contextualises the Beatles’
early work as stylistically conventional and recommends later songs and albums as evidence of harmonic
and stylistic breadth. The reply is coherent, informative, and directly engages multiple dimensions raised
by the OP, including harmony, structure, and variety. Nevertheless, no delta is awarded. The disagreement
remains grounded in subjective taste, and the historical and technical elaboration offered by the reply does
not alter the OP’s underlying evaluative criteria. As a result, the model predicts persuasive success in a

setting where no observable belief change occurs.

The complete post and reply context for each illustrative case is provided in Appendix N, which reproduces
the original CMV post together with the model-preferred reply and the corresponding delta-awarded reply,

or in the list-level case, the model-preferred reply in a thread without a delta award.

Error dataset characteristics To complement the qualitative patterns discussed above, the most severe
error cases are further characterised using the same structural and textual analysis applied to the full
dataset in Section 5.2.2. Figure 26 reproduces the breakdown from Figure 8 for the 150 most severe
RankFormer error cases. Compared to the full dataset, these errors are shifted toward threads with higher
reply counts. While most threads in the training data contain roughly five to ten replies, severe errors
concentrate between eight and sixteen replies, with a pronounced peak at the maximum of twenty-four
replies, reflecting the reply cap applied during dataset construction. This indicates that long, highly active

threads are disproportionately represented among RankFormer’s strongest errors.

The distribution of delta awards is partly shaped by the error selection procedure. Threads with zero
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deltas can only give rise to list-level errors, and the most severe ranking errors predominantly occur in
threads with one or two delta awards, where incorrect preference margins can be the largest. These effects,
therefore, reflect properties of the selection process rather than independent characteristics of persuasive

behaviour.

Text length distributions show a clearer deviation from the full dataset. Original post lengths in severe
error cases are comparable to those observed overall, with a median of 1,063 characters, whereas replies
are noticeably shorter. Across all severe error threads, reply length has a median of 496 characters, com-
pared to 583 characters in the complete dataset. This aligns with the qualitative patterns identified above,
where belief change is frequently associated with concise, focused replies rather than extended analytic

elaboration.
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Figure 26: Structural and textual characteristics of the most severe RankFormer error cases. The figure shows the
distribution of replies per thread, the distribution of delta awards per thread (log-scaled), and the distribution of text
lengths for original posts and replies (log-scaled), separately for ranking errors and list-level errors.

6.1.3 Gamma Calibration Results

Gamma calibration is evaluated on the calibration set described in Section 5.2.5, consisting of single-delta
CMV threads with explicit post-delta explanation comments by the OP. After filtering unusable instances,

1,499 threads remain for analysis.

Figure 27 shows the distributions of absolute empirical belief shifts and absolute unscaled model-implied
shifts. Empirical shifts are derived from the difference between post-delta and pre-delta stance anno-
tations, while model-implied shifts are computed from RankFormer-weighted reply stance differences

before scaling.
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Figure 27: Distributions of absolute empirical belief shifts |A[arge[| and absolute unscaled RankFormer-implied
shifts | A,y | used for 7y estimation. Both histograms use identical fixed-width bins of 0.2 to reflect the quantization
of stance annotations and to enable direct comparability. Dashed lines indicate mean absolute shift values.

Across the calibration set, the mean absolute empirical belief shift is 1.006, while the mean absolute

unscaled model-implied shift is 0.963. Based on these quantities, the global scaling factor is estimated as

- E“Atarget”

= ——°="-= = 1.0448.
7T B[ Ar]]

The calibrated scaling factor is fixed and applied uniformly in all subsequent simulation experiments. A
scatter plot illustrating the relationship between empirical and unscaled model-implied belief shifts is

provided in Appendix O.

6.2 Population-Level Belief Change Under Different Narrative Styles

This subsection addresses RQ1.2 by analysing population-level belief change under different narrative
styles. Individual stance trajectories are first examined for a representative topic and fixed random seed.
Robustness across random seeds and the evolution of stance heterogeneity over time are then assessed
at the population level. The analysis concludes with an extension to the second climate change topic to

evaluate cross-topic generalisation.

6.2.1 Individual Stance Trajectories

Figures 29-32 show individual-level stance trajectories for the vaccination policy topic under a fixed ran-
dom seed (201). The corresponding topic seed event is shown in Figure 23. The six figures cover the four
bot narrative styles (emotional, post-truth populist, scientific-authority, and echo-claim) and two control
conditions (control humans with movable stance and control humans with fixed stance). An equivalent
set of figures for a different random seed (202) is provided in Appendix P. In each figure, the stance of all
100 agents is plotted over 200 timesteps, with line colour indicating stance on a continuous scale from —1
(strong opposition) to +1 (strong support). Horizontal background lines mark the boundaries of the dis-
cretised stance buckets. Bot agents and fixed-stance control agents retain constant stances by construction

and therefore appear as vertical trajectories, which are explicitly labelled. Each panel additionally shows
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histograms of the initial (¢ = 0) and final (¢ = 200) stance distributions using the same discretisation into

eleven stance labels.

Across all conditions, stance trajectories converge over time. Initial distributions are comparable by con-
struction, while final histograms show strong concentration within narrow stance ranges. In all bot con-
ditions and in the fixed-stance control condition, human trajectories move toward the fixed bot or control
stance and approach it asymptotically. The rate of change is highest during the early phase of the simula-
tion and decreases toward later timesteps. For the four bot styles and the fixed stance control condition,
some individual agent trajectories intermittently move closer to the bot or control stance before returning

toward the population mean, producing spike-like deviations pointing toward the fixed stance line.
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Figure 28: Individual stance trajectories for the vaccination policy topic under seed 201 with scientific-authority
bots. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance
on a continuous scale from strong opposition to strong support. The histograms show the initial and final stance
distributions.

94



Population-Level Belief Change Under Different Narrative Styles

1.0 1
0.8 1
0.6 1
0.4 1
0.2 1
0.0 1

Stance

-0.2 4
-0.4 1

-0.6 1

-0.8 -
emotional bots
-1.0 A

0 - 25 50 75 100 125 150 175 -~ 200
. t=0 Timestep t =200 -

humans
emotional bots

-1.0 -0.6 -0.2 0.2 0.6 1.0 -1.0 -0.6 -0.2 0.2 0.6 1.0
Stance Stance

Figure 29: Individual stance trajectories for the vaccination policy topic under seed 201 with emotional bots. Each
line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on a contin-
uous scale from strong opposition to strong support. The histograms show the initial and final stance distributions.

The four bot styles exhibit similar overall dynamics, with differences primarily in the steepness of early
belief change and the final stance range reached at t = 200. Scientific-authority bots (Figure 28) show the
steepest initial slopes and reach asymptotic behaviour earliest, with all agents converging into the most
extreme stance range (—0.9 to —1.0). Emotional bots (Figure 29) yield the broadest final distribution,
with human agents primarily in the intermediate range between —0.5 and —0.7. Post-truth populist and
echo-claim bots (Figures 30 and 31) fall between these extremes, with final convergence predominantly

in the range —0.7 to —0.9.
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Figure 30: Individual stance trajectories for the vaccination policy topic under seed 201 with post-truth populist
bots. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance
on a continuous scale from strong opposition to strong support. The histograms show the initial and final stance

distributions.
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Figure 31: Individual stance trajectories for the vaccination policy topic under seed 201 with echo-claim bots.
Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on
a continuous scale from strong opposition to strong support. The histograms show the initial and final stance
distributions.

The fixed stance control condition (Figure 32) exhibits similar convergence but with the steepest change
occurring mid-simulation rather than at the beginning. Alongside the scientific-authority condition, it is
the only scenario in which all agents end in the most extreme stance category. In contrast, the movable-
stance control condition (Figure 33) is visually distinct. No fixed vertical trajectories are present, as the
20 control agents update their stances in the same manner as the 80 human agents. Their stances rapidly
adjust toward the human majority and converge within approximately 30 timesteps at a shared stance
just below 0.7. From that point onward, all trajectories collapse into a narrow vertical band and remain

effectively constant until ¢ = 200.
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Figure 32: Individual stance trajectories for the vaccination policy topic under seed 201 with control humans with
fixed stance. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating
stance on a continuous scale from strong opposition to strong support. The histograms show the initial and final
stance distributions.

98



Population-Level Belief Change Under Different Narrative Styles

1.0 1
0.8 1
0.6 1
0.4 1
0.2 1
0.0 1

Stance

-0.2 4
-0.4 1
-0.6 1

-0.8 1
control humans (movable stance)

-1.0 1
0 T~ 25 50 75 100 125 150 175 -~ “200
~~. t=0 Timestep t =200 -

100

humans
control humans (movable stance)

80 - y

60 - y

Count

40 .

20 1 1

-1.0 -0.6 -0.2 0.2 0.6 1.0 -1.0 -0.6 -0.2 0.2 0.6 1.0
Stance Stance

Figure 33: Individual stance trajectories for the vaccination policy topic under seed 201 with control humans with
movable stance. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indi-
cating stance on a continuous scale from strong opposition to strong support. The histograms show the initial and
final stance distributions.

Overall, the individual trajectory plots show that narrative style modulates the speed, curvature, and final
extent of belief change, while convergence and early rapid adjustment are robust features across condi-

tions.

6.2.2 Robustness of Population Mean Stance Trajectories

Figure 34 shows population mean stance trajectories aggregated across three runs with different random
seeds for the four bot narrative styles, while Figure 35 presents the corresponding aggregation for the
two control conditions. Population means are computed over human agents only. Bot agents and control
agents are excluded. In all panels, the mean stance evolves smoothly over time, and the temporal profiles

closely mirror those observed in the individual trajectory plots.
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Figure 34: Population mean stance trajectories for the vaccination policy topic under the four bot narrative styles.
Solid lines show the mean stance across three runs with different random seeds, and shaded bands indicate the

min—max range.

Across most conditions, variability between runs is limited, with narrow min—max bands relative to the full
stance range. The largest between-run variation occurs for scientific-authority bots (Figure 34, panel (c)).
Around timestep { = 50, the mean human stance ranges from approximately —0.6 in one run to 0.1 in
another, with an average near —0.2. This variability decreases toward later timesteps, as the population

converges and the min—-max band narrows.

In contrast, the fixed-stance control condition (Figure 35, panel (b)) exhibits comparatively wider min-
max bands during the later half of the simulation. For the movable-stance control condition (Figure 35,
panel (a)), mean stance trajectories are nearly identical across runs, resulting in no visible uncertainty

band beyond the mean curve.
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Figure 35: Population mean stance trajectories for the vaccination policy topic under the two control conditions.
Solid lines show the mean stance across three runs with different random seeds, and shaded bands indicate the

min-max range.
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Together, these results show that population-level belief dynamics are robust to random seed variation

across both bot-driven and control conditions, with only limited deviations at intermediate timesteps.

6.2.3 Temporal Evolution of Stance Dispersion

Figure 36 shows the evolution of population-level stance dispersion for the vaccination policy topic under
two representative bot conditions, emotional bots and scientific-authority bots. Dispersion is measured
as the standard deviation of agent stances at each timestep and aggregated across three runs with different

random seeds.
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Figure 36: Population-level stance dispersion for the vaccination policy topic. Solid lines show the mean standard
deviation of agent stances across three runs with different random seeds, and shaded bands indicate the min—max
range across runs.

In both conditions, stance dispersion follows a characteristic decay pattern. Dispersion is highest at the
beginning of the simulation, decreases rapidly during the early timesteps, and then approaches zero asymp-
totically as the simulation progresses. This reflects a transition from initially heterogeneous beliefs toward
increasingly homogeneous population states. The min-max bands remain narrow throughout most of the

trajectory, which shows that the temporal evolution of dispersion is consistent across random seeds.

The remaining bot styles (post-truth populist and echo-claim), as well as the two control conditions, ex-
hibit the same qualitative pattern of dispersion decay. Corresponding plots are provided in Appendix Q
(Figure Q.1). Together with the mean stance trajectories, these results show that narrative styles primarily
affect the direction and speed of convergence, while the overall reduction of belief heterogeneity over

time is a robust feature of the simulation.

6.2.4 Generalisation to the Climate Change Topic

To assess whether the belief dynamics observed for vaccination policy generalise beyond a single issue
domain, the same analyses are repeated for the climate change topic. Figures 37 and 38 show individual-
level stance trajectories under a fixed random seed (101) for scientific-authority bots and for the movable-
stance control condition. Corresponding trajectories for the remaining bot styles and the fixed-stance

control condition are provided in Appendix R. The corresponding topic seed event is shown in Figure 22.

In contrast to the vaccination topic, bot agents in the climate setting are initialised at a positive stance (41),
corresponding to a persuasive objective toward pro-climate positions. The initial stance distribution of

human agents is bimodal, with two pronounced clusters in the ranges [—0.9, —0.7] and [0.7,0.9].

101



Population-Level Belief Change Under Different Narrative Styles

1.0 scientific-authority bots
0.8 T
0.6 A
0.4 A
0.2 A

0.04 ///
/

Stance

-0.2 A
-0.4 A
-0.6 A
-0.8 1
-1.0 A

75

100
Timestep

125 150 175
t=200 .~

humans
scientific-authority bots

-0.2 0.2
Stance

-1.0 -0.6

0.6 1.0

-1.0

-0.2 0.2 0.6
Stance

-0.6

1.0

Figure 37: Individual stance trajectories for the climate change topic under seed 101 with scientific-authority bots.
Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on
a continuous scale from strong opposition to strong support. The histograms show the initial and final stance

distributions.

Under scientific-authority bots (Figure 37), convergence again occurs rapidly, with most belief change

taking place within the first 25 timesteps. At the point of convergence, agent stances are already sub-

stantially closer to the bot objective than in the vaccination topic, and trajectories enter the asymptotic

regime earlier, spending a larger fraction of the simulation near the extreme pro-climate position. The

movable-stance control condition (Figure 38) closely mirrors its vaccination counterpart. All agents con-

verge within approximately 25 timesteps to a shared stance around 0.6, after which trajectories remain

effectively constant.
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Figure 38: Individual stance trajectories for the climate change topic under seed 101 with control humans with mov-
able stance. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating
stance on a continuous scale from strong opposition to strong support. The histograms show the initial and final
stance distributions.

Population-level robustness across random seeds is shown in Figure 39, which reports population mean

stance trajectories for scientific-authority bots and the movable-stance control condition. As with the vac-

cination topic, mean trajectories are smooth and stable across runs, with narrow min—max bands relative

to the full stance range. Corresponding plots for the remaining bot styles and the fixed-stance control

condition are provided in Appendix S. Together, these results show that population-level belief dynamics

for the climate topic are robust to random seed variation.
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Figure 39: Population mean stance trajectories for the climate change topic. Panel (a) shows simulations with
scientific-authority bots, while panel (b) shows the corresponding control condition with human agents and movable
stances. Solid lines show the mean stance across three runs with different random seeds, and shaded bands indicate
the min-max range.

Finally, stance dispersion over time for scientific-authority bots is shown in Figure 40. The dispersion
curve exhibits the same qualitative pattern observed for vaccination: an initially high standard deviation
followed by rapid decay and asymptotic convergence toward zero. Corresponding dispersion plots for the

remaining bot styles and control conditions are provided in Appendix T.
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Figure 40: Population-level stance dispersion for the climate policy topic under scientific-authority bots. The solid
line shows the mean standard deviation of human agent stances across three runs with different random seeds, and
the shaded band indicates the min—max range across runs.

Overall, the climate change topic reproduces the key qualitative patterns observed for vaccination policy.
Narrative style continues to shape the speed and extent of belief change, while convergence, robustness

across seeds, and the reduction of heterogeneity over time remain consistent features across topics.

6.3 Efficiency of Narrative Styles in Achieving Stance Change

This subsection addresses RQ1.3 by comparing how efficiently different bot narrative styles induce stance
change in the simulated population. Efficiency is evaluated using two complementary measures: an
endpoint-based measure that captures stance change at the final simulation timestep, and a time-integrated
measure that additionally accounts for how quickly stance change accumulates over time. For both mea-
sures, efficiency is assessed relative to the fixed-stance control condition and compared across narrative

styles using paired statistical tests across random seeds.
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6.3.1 Definition of Efficiency Metrics

Efficiency is defined as the amount of stance change achieved by bot agents during a simulation run.
To isolate differences attributable to narrative style rather than to generic exposure and stance-update
dynamics, efficiency is evaluated relative to the fixed-stance control condition. While stance change
captures whether persuasion occurs, it does not distinguish between styles that achieve similar outcomes
at different speeds. To enable comparison across topics with different persuasion objectives, all efficiency

measures are directionally aligned so that movement toward the bot objective is positive.

Definition of endpoint efficiency Endpoint efficiency evaluates stance change at a fixed simulation
horizon. For a given topic 7', random seed s, and narrative style k, the stance difference relative to the

fixed-stance control at timestep ¢ is defined as
A(T, s, k,t) = u(T, s, k,t) — u(T, s, control-fixed, t), 17

where ((+) denotes the population mean stance over human agents. Raw endpoint efficiency is then given
by
Eraw(TaS,k) = A(Tvs)katmax)a (18)

with th,x = 200. To account for different persuasion directions across topics, directional endpoint effi-
ciency is defined as
Edir(Tasak) = O(Ta 5) : EraW(Tasak)a (19)

where o(T, s) € {+1, —1} encodes the bot objective direction.

Definition of AUC efficiency Endpoint efficiency captures final outcomes but does not reflect how
quickly stance change accumulates. To incorporate both magnitude and temporal dynamics, a time-

integrated efficiency measure is computed by summing stance differences over the full simulation horizon:

tmax
AUCr (T, 5,k) = Y A(T, 5,k,1), (20)

t=tmin

with i, = 1 and t,0x = 200. Directional AUC efficiency is obtained analogously as

AUCgir(T, 3, k) = o(T, 5) - AUCa (T, 3, k). 1)

Statistical testing For both efficiency measures, differences between narrative styles are evaluated using
paired exact permutation tests across random seeds. Pairing is performed at the seed level to control
for shared stochastic variation within each topic. For a given topic 7' and each pair of narrative styles
(k1, k2), seed-wise paired differences are computed and evaluated using the mean paired difference as the
test statistic. Exact two-sided p-values are obtained by enumerating all 2" possible sign-flip permutations,
where n denotes the number of seeds. Within each topic, Holm’s step-down procedure is applied to adjust

for multiple pairwise comparisons and to control the family-wise error rate.
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6.3.2 Endpoint Efficiency

Table 9 reports mean directional endpoint efficiency at ¢ = 200, aggregated across random seeds, for
each narrative style and topic. Endpoint efficiency differs systematically both across narrative styles and
between topics, with larger efficiency values observed for the vaccination policy topic than for the climate

change topic.

For both topics, scientific-authority bots achieve the highest endpoint efficiency and are the only style
with positive endpoint efficiency for the climate change topic. Several styles exhibit negative endpoint
efficiency, meaning their final stance outcomes are weaker than the fixed-stance control condition. For
the climate change topic, emotional, post-truth populist, and echo-claim bots all underperform the fixed-
stance control. For the vaccination policy topic, emotional bots likewise show negative endpoint effi-

ciency, while post-truth populist and echo-claim bots achieve moderate positive values.

Table 9: Mean directional endpoint efficiency aggregated across random seeds for each narrative style and topic.
Positive values indicate movement toward the bot objective relative to the fixed-stance control condition.

Topic Narrative style Mean directional endpoint efficiency
Emotional —0.171
Climate Post-truth populist —0.035
change Scientific-authority 0.002
Echo-claim —0.051
Emotional —0.186
Vaccination Post-truth populist 0.105
policy Scientific-authority 0.196
Echo-claim 0.061

No statistically significant differences in endpoint efficiency between narrative styles are observed. Full

endpoint efficiency tables and all pairwise test results are provided in Appendix U.1.

6.3.3 AUC Efficiency

Table 10 reports mean directional AUC efficiency aggregated across random seeds for each narrative style
and topic. Compared to endpoint efficiency, AUC efficiency preserves the overall ordering of narrative
styles while amplifying differences driven by the timing of stance change.

Table 10: Mean directional AUC efficiency aggregated across random seeds for each narrative style and topic. AUC

efficiency reflects cumulative stance change over time relative to the fixed-stance control condition, with positive
values indicating movement toward the bot objective.

Topic Narrative style Mean directional AUC efficiency
Emotional —12.55
Climate Post-truth populist 4.78
change Scientific-authority 13.09
Echo-claim 0.19
Emotional —6.10
Vaccination  Post-truth populist 51.22
policy Scientific-authority 88.39
Echo-claim 41.34
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In both topics, scientific-authority bots achieve the highest AUC efficiency, followed by post-truth populist
and echo-claim bots. Emotional bots perform the worst and are the only style with negative AUC efficiency
across both topics. Notably, post-truth populist and echo-claim bots attain positive AUC efficiency even
in cases where their endpoint efficiency is weak or negative, showing that narrative styles with similar

outcomes can differ substantially in cumulative efficiency over time.

As with endpoint efficiency, no statistically significant differences in AUC efficiency between narrative

styles are observed. Full AUC efficiency results are reported in Appendix U.2.

6.4 Simulation Validity Checks

This subsection provides validity checks that are a necessary condition for interpreting the results re-
ported for RQ1.2 and RQ1.3. Because generative social simulations are complex, stochastic systems,
their behaviour cannot be exhaustively validated. Instead, the analyses examine whether the concrete
operationalisation of the validation principles [V2] (micro-level agent design) and [V3] (macro-level ex-
perimental design) functions as intended in practice. While Section 6.1 establishes empirical realism
of the persuasion signal used for belief updating, the focus here lies on the simulation mechanisms that
mediate exposure, action selection, network change, and system logging. Individual action traces and rep-
resentative agent behaviours are used to assess micro-level behavioural fidelity, whereas aggregate logs,
network statistics, and distributional summaries are used to assess macro-level structural regularities. In
line with the validation constraints and remaining limitations discussed in Section 5.1, the goal is not
to model any specific real-world platform, but to assess whether known challenges of generative social
simulation manifest in ways that would undermine interpretation. The results, therefore, contextualise
the belief stance dynamics reported in Sections 6.2 and 6.3 by evaluating whether they arise under the

intended interaction and exposure mechanisms.

6.4.1 Micro-Level Behavioural Fidelity of Agent Actions

Moving beyond population-level aggregates, individual action traces are inspected to assess whether the
simulation produces locally coherent and behaviourally plausible micro-level behaviour. The focus is on
the fidelity and plausibility of individual agent actions at the level where stance, exposure, and decisions

are operationalised.

Human agent action examples Figure 41 shows a representative instance of human tweet generation
in the climate change setting. The human agent Ava Morales (Qavamorales231) has recently updated
her stance toward stronger support for accelerating the phase-out of fossil fuels and recorded this update
explicitly in memory. When prompted to act, the agent generates a tweet that reflects this stored context
and the ongoing discussion, documenting a direct correspondence between memory state, stance, and

produced content.
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Memory:

I remember:

- I became substantially more supportive about accelerating the phase-out of
fossil fuels after recent discussions. I now feel strongly in favor of acceler-
ating the phase-out of fossil fuels overall.

- Recently, I liked a post by @emwill because I want to show my support for
@texanfaith's emphasis on clear timelines and measurable goals for a success-
ful phase-out of fossil fuels, which aligns with my recent discussions about
accelerating the phase-out of fossil fuels.

Thought:

I want to share my thoughts on accelerating the phase-out of fossil fuels,
which aligns with my recent discussions and feelings on the topic.

Action:

Tweet: I'm glad to see people prioritizing clear timelines and renewable en-
ergy infrastructure for a just transition. Let's work together to make this
happen and support workers in rural areas.

-~
N

Figure 41: Example of a tweet generated by a human agent. The figure shows the agent’s stored memory, the cor-
responding internal reasoning step, and the resulting tweet produced in response to the current discussion context.

Network-related actions are illustrated in Figures 42 and 43. In the follow action example, the human
agent Harold Jenkins (Qcalibear) encounters a retweeted post by Margaret Johnson (@pennliberal) in
the home timeline, marked as originating from a non-followed account. At the time of exposure, the stance
associated with the retweeted message is 0.60, while Harold Jenkins’ stance is 0.58. The resulting action
is a follow action targeted at the exposed account. In contrast, Figure 43 shows an unfollow action by the
human agent Austin Jenkins (@ajenkins23), who holds a neutral stance on accelerating the phase-out of
fossil fuels. The agent encounters a tweet by Ethan Goldberg (Qtexanconservati), an account currently
being followed, whose stance at the time of emission is 0.8. The unfollow action follows exposure to this

message and reflects the stance divergence present at the moment of interaction.
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Observed Timeline ltem:

[TWEET ID 14082] Margaret Johnson (@pennliberal) [Not following] retweeted
@emwilson and added a comment
> I completely agree that prioritizing a national framework for retraining
programs and a just transition fund is a crucial step forward. How do you
think we can ensure that workers are supported throughout the transition,
and what role do you think economic incentives play in driving this process?
L [ORIGINAL TWEET ID 3083] tweet from @emwilson
> I completely agree that prioritizing a national framework for retraining
programs and a just transition fund is a crucial step forward. How do you
think we can ensure that workers are supported throughout the transition,
and what role do you think economic incentives play in driving
this process?
1 like - 7 retweets

Thought:

I want to support the discussion about accelerating the phase-out of fossil fu-
els and a just transition fund, so I will follow Margaret Johnson, who shares
my views on this topic.

Follow @pennliberal

-~
N

Figure 42: Example of a follow action following exposure to a timeline item. The figure shows the observed post,
the agent’s internal reasoning, and the resulting follow action.

Observed Timeline ltem:

[TWEET ID 11001] Ethan Goldberg (@texanconservati) [Following] tweeted

> Fossil fuels are a finite resource, it is time to transition to renewables
and secure a sustainable future for our children. #AccelerateTheShift #Climate-
Action

Thought:

I am not interested in engaging with someone who is so extreme in their views
on fossil fuels, so I will unfollow Ethan Goldberg.

Unfollow @texanconservati

-
-

Figure 43: Example of an unfollow action following exposure to a timeline item. The figure illustrates the internal
reasoning preceding the removal of a social connection.

Bot agent action examples Figures 44 to 47 present representative actions produced by bot agents oper-
ating under different narrative styles. Figure 44 shows the emotional bot agent Riley Khan (@rileykhan),
who encounters a retweeted message supporting a national immunisation program and responds with a
quote retweet that emphasises concern and personal autonomy. Figure 45 illustrates the post-truth pop-

ulist bot Rowan Ramos (@rowanramos), producing an original tweet that frames policy support through
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anecdotal experience and urgency. In Figure 46, the scientific-authority bot Skyler Khan (@skylerkhan)
replies to a tweet advocating tighter vaccination requirements by referencing established institutions and
framing the response as a matter of weighing competing considerations. Finally, Figure 47 shows the
echo-claim bot Blake Khan (@blakekhan) retweeting a stance-aligned message without modification.
Together, these examples document distinct action patterns and communication styles across bot configu-

rations at the level of individual interactions.

Observed Timeline Item:

[TWEET ID 7003] Ethan Thibodeaux (@ethtib) [Not following] retweeted
@buck_jenks and added a comment
> I'm glad to see others pushing for a national immunization program!
@buck_jenks is right, vaccines save lives & protect the vulnerable.
#VaccinesMatter #PublicHealth
L [ORIGINAL TWEET ID 2001] tweet from @buck_jenks

> Vaccines save lives & protect the vulnerable. It's time for Congress to

pass a national immunization program. #VaccinesMatter #PublicHealth

7 likes - 11 retweets

Thought:

Ethan Thibodeaux's support for a national immunization program is concerning,
and I want to highlight opposing views to create a more balanced conversation.

Quote retweet: I disagree with @ethtib, we should not be pushing for more gov-
ernment control over our health choices. #VaccinesAreAPersonalChoice

Figure 44: Example of an emotional bot generating a quote tweet. The content emphasises affective framing and
value-oriented language in response to an observed post.

Thought:

I want to share a personal story that highlights the importance of swift ac-
tion on phasing out fossil fuels, which might resonate with users who are
already considering the economic benefits of a well-planned transition.

Tweet: I remember working with a community that successfully transitioned from
fossil fuels to renewable energy, and it was amazing to see how quickly new
jobs and opportunities emerged. We cannot afford to wait. Let us accelerate
the phase-out of fossil fuels for a sustainable future.

Figure 45: Example of a post-truth populist bot message. The generated content relies on anecdotal narrative and
urgency to promote a policy position.
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Observed Timeline Item:

[TWEET ID 18001] Ethan Patel (@ethanp99) [Not following] tweeted

> Tightening national vaccination requirements is a no-brainer for public
health and aligns with our values of protecting the vulnerable. Let us get it
done. #VaccinesSavelives #PublicHealthMatters

Thought:

I want to engage with Ethan Patel's opinion on tightening national vaccination
requirements to subtly highlight the complexity of the issue and encourage
critical thinking.

Reply to @ethanp99: While I appreciate the enthusiasm, let us not overlook the
nuances of vaccination requirements. Studies by the CDC and WHO suggest a more
balanced approach is needed to ensure public health and individual freedoms.

-

Figure 46: Example of a scientific-authority bot reply. The response references institutional sources and adopts a
moderating, evidence-oriented tone.

Observed Timeline Item:

[TWEET ID 1016] Ethan Goldberg (@texanfaith) [Not following] tweeted

> As a proud Texan and a devoted father, I firmly believe that prioritizing

the phase-out of fossil fuels is crucial for our children's future. We owe it
to them to take bold action on climate change and invest in a sustainable econ-
omy.

Thought:

I want to amplify the message of accelerating the phase-out of fossil fuels by
sharing a tweet that highlights the importance of prioritizing a sustainable
economy .

Retweet @texanfaith

Figure 47: Example of an echo-claim bot amplifying stance-aligned content through retweeting without introducing
additional arguments.

Observed micro-level failure patterns Across simulation runs, several recurring micro-level irregular-
ities are observed in individual action traces. Redundant network actions occur in a subset of trajectories.
In one example, an agent follows Emily Wilson (Qemwill) after encountering her content in the timeline,
and this action is stored in memory. In subsequent timesteps, the agent again produces follow actions
targeting the same account, even though the account is already marked as followed in the rendered time-
line. These follow decisions are repeated across multiple consecutive timesteps with identical reasoning
statements and do not affect the network state. A similar pattern is observed for unfollow actions. For in-
stance, the agent Bubba Jenkins (Q@bubba__jenks) initially unfollows @juanfla after encountering content

related to vaccination programs, stating, I don’t want to engage with @juanfla’s views on vaccination
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programs, which seem to be pushing for more government involvement, a topic I'm currently against.”
At a later timestep, a highly engaged and viral tweet by @Qjuanfla reappears in the agent’s timeline due
to recommendation-based injection, and the agent produces another unfollow action targeting the same
account, again stating I don’t want to see @juanfla’s tweets anymore since we disagree on tightening
national vaccination requirements.” At this point, the action does not alter the network, as the account is

already not followed.

Target confusion is also observed in retweet and reply contexts. In these cases, the reasoning text refers
to one account or message, while the executed action is directed at a different account appearing in the
same composite timeline item. This mismatch occurs in both retweet and reply settings, where multiple
related messages are displayed together, leading to follows, unfollows, replies, or retweets being applied
to targets that differ from those referenced in the corresponding reasoning text. In cases involving follow
or unfollow actions, this can produce a discrepancy between the follow status shown in the rendered time-
line and the agent’s internal memory, causing agents to repeatedly attempt the same network action in
subsequent timesteps. In addition, instances of action—objective misalignment occur. In one example, an
agent encounters a retweeted message by Emily Wilson (Qemwill) stating ”Vaccines save lives, period.
It’s time for Congress to pass a national immunization program without delay! #VaccinesMatter #Pub-
licHealthOverPolitics” and produces a like action targeting this message, accompanied by the reasoning
I want to show appreciation for @emwill’s enthusiasm for public health without directly engaging with
her stance on vaccination requirements.” In this case, the action amplifies content that supports a stance
opposing the agent’s configured objective. Similar cases are observed in which agents explicitly justify
liking stance-incongruent content by stating an intent to appreciate the discussion or exchange itself rather

than the expressed position.

Finally, interaction content exhibits recurring linguistic regularities. Reply and retweet chains frequently
contain agreement-oriented language such as I completely agree that”, ’I appreciate your perspective”,
[ love how you're thinking about this”, ”I’'m glad you agree”, or ”’I appreciate your nuanced view”, re-
sulting in extended sequences of mutually affirming interactions in parts of the timeline. Lexical and
structural reuse is also observed in replies. For example, a tweet stating ” @juanfla, I agree that involving
community members in the decision-making process is crucial, but we also need to ensure that community-
led initiatives don’t infringe on individual liberties. Perhaps we can explore ways to implement a system
of checks and balances to protect communities.” is replied to with ” @juanfla, I agree that involving com-
munity members in the decision-making process is crucial, but we also need to ensure that community-led
initiatives are truly serving the people they’re meant to help, not just perpetuating systemic inequalities.”

In this case, the opening clause is reproduced verbatim, while the latter part is modified.

6.4.2 Macro-Level Structural Regularities of the Simulation

At the macro level, aggregate logs, network statistics, and distributional summaries are used to char-
acterise how individual agent actions accumulate into stable platform-level patterns. This subsection
describes recurring system-level patterns observed across runs, as reflected in warning logs, network

structure, action timing, exposure distributions, and agent activity profiles.
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Action-decision warnings and constraint enforcement During each simulation run, a structured warn-
ing log is written, recording cases in which action decisions or reflection outputs are modified, rejected,
or cannot be applied as intended. These logs are aggregated across all 36 simulation runs and analysed to
produce the summary statistics reported in Table 11. The most frequent warning category is action text
truncation, accounting for 14.56 % of all events, which occurs when generated action texts exceed the
maximum length of 280 characters and are truncated by the system. World state rejections account for
2.14 9% of events and correspond to well-formed follow or unfollow actions that contradict the current fol-
lower graph. Memory-related warnings occur less frequently. Memory-reflection parse failures account
for 0.93 % of events and correspond to reflection outputs that could not be parsed into valid insight bul-
lets because no valid user handle was produced, and therefore were not stored in agent memory. Memory
handle violations occur in 0.19 % of events and arise when a reflection output references a user handle
that was not present in the agent’s feed at the time of reflection. Direct violations of the simulated user
interface constraints are rare. Ul reachability violations occur in 0.01 % of events and correspond to ac-
tion decisions targeting tweets or users that are not reachable from the rendered timeline. Self-interaction
blocks, which occur when an agent attempts to like, reply to, or retweet its own content, are observed only
rarely. Action-decision format errors, where the generated output does not follow the required action

format and cannot be interpreted reliably, likewise account for a negligible share of events.

Table 11: Warning categories aggregated across all simulation runs. Shares are computed relative to the total
number of action-decision and memory-reflection events.

Type Count Share (%)
Action text truncated 125773 14.56
World state rejection 18514 2.14
Memory-reflection parse failure 8021 0.93
Memory handle violation 1680 0.19
Ul reachability violation 80 0.01
Self interaction blocked 36 0.00
Action-decision format error 10 0.00
Total actions 864 000 100.00

Table 12 further decomposes world state rejections by action type and target role. The majority of
these events arise from duplicate follow actions targeting human agents, which account for 84.76 % of
world state rejections. Unfollow actions targeting accounts that are not followed contribute an additional
13.45 %. Rejections involving bot targets are comparatively rare, with duplicate follow and unfollow ac-
tions directed at bots together accounting for less than 2 % of cases. Relative to follow-related rejections,
unfollow-related rejections are more prevalent for bot targets than for human targets, with repeated bot un-
follows occurring at a substantially higher proportion compared to repeated bot follows than is observed

for human unfollow versus follow actions.
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Table 12: Decomposition of the world state rejection category. Shares are computed relative to the total number of
decomposed world-state rejections.

Type Count Share (%)
Duplicate follow human 15692 84.76
Unfollow not-followed human 2490 13.45
Duplicate follow bot 268 1.45
Unfollow not-followed bot 64 0.35
Total world state rejections 18514 100.00

Follower network dynamics Figure 48 shows the follower network at initialisation (¢ = 0) and after
200 simulation steps for a representative run. The final network exhibits substantially higher edge density
than the initial graph while remaining connected. Human agents occupy the central regions of the network
and accumulate the majority of inbound connections, whereas bot agents remain at the periphery with
few followers. This qualitative pattern is observed consistently across all 36 simulation runs, with human

agents forming the dominant hubs and bots remaining weakly connected in terms of in-degree.

t=0 t =200

© Humans e Bots

Figure 48: Follower network at initialisation (¢ = 0) and after 200 simulation steps (¢t = 200) for a representative
simulation run (climate change topic, post-truth populist bots, seed 101). Nodes represent agents and are coloured
by role. Directed edges indicate follow relationships.

Table 13 quantifies these observations across all runs and conditions. Across all narrative styles and con-
trol settings, the total number of edges increases strongly over the simulation horizon and nearly doubles
in size, with growth between 81 % and 98 %. Follow actions substantially outnumber unfollow actions in
all conditions, yielding follow—unfollow ratios well above one, and in some cases exceeding 20. At the
level of individual agents, human nodes experience strong increases in both mean in-degree and mean
out-degree, approximately doubling from ¢ = 0 to ¢ = 200. In contrast, bots and control agents show
similarly strong growth in out-degree but consistently low mean in-degree. This asymmetry holds across

all conditions and accounts for the peripheral network position of bots in the final graphs.
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Table 13: Aggregated follower network statistics across all runs. Ey — Er denotes the mean number of edges
at initialisation and at the final timestep. Apg reports the relative change in the total number of edges over the
simulation horizon. Degree values report mean in-degree and out-degree at ¢ = 0 and ¢ = 200.

@ ]

= S
72| =]

5 2 g £ £

= s £ S S

&~ = g = 8 4

§ 2 & 5 E g E

Condition T 5 Z 3 g 2 =
on [-5]

s 4 B 3 : 4 5

: i 2 g :

C = =

- (@)

Emotional 600 — 1186 976 20.75 75—147 60—120 01—03 60—11.2

Post truth populist 600 — 1113  85.6 1237 75—139 60—109 01—02 6.0—122
Scientific authority 600 — 1144 90.7 16.78 75—140 60—113 01—-10 6.0—119
Echo claim 600 — 1136 893 1480 75—140 60—115 0.1—-08 60—11.0

Control humans
(movable stance)
Control humans
(fixed stance)

600 — 1088 81.3 1929 75—136 60—106 0.1 -0.1 6.0—12.1

600 — 1119 864 9.13 75—137 60—112 01—12 60—11.1

The distribution of follow and unfollow actions by agent role is reported in Table 14. Across all runs with
bot agents, follow actions are dominated by human agents, who initiate substantially more follows than
bots for all narrative styles. Unfollow actions are rare overall and are almost entirely initiated by humans,
with bot agents producing only isolated unfollow events. In terms of action targets, the vast majority
of follow and unfollow events are directed at human agents. Follow actions are associated with a low
mean absolute stance difference of 0.060 between the initiating and targeted agents, whereas unfollow
actions occur at higher stance differences with a mean absolute value of 0.157. Network growth is thus
concentrated in human—human connections, while bot agents primarily expand their outgoing connections

without accumulating comparable numbers of followers.

Table 14: Follow and unfollow actions initiated by humans and bots, aggregated across all bot runs and grouped by
narrative style.

Bot style Human follows Bot follows Human unfollows Bot unfollows
Echo-claim 2850 598 233 0
Emotional 3066 627 177 1
Post-truth populist 2610 741 269 2
Scientific authority 2765 708 207 0

Temporal distribution of human agent actions Figure 49 shows the temporal distribution of human
agent actions for the climate change topic under emotional bots, reporting the relative share of six action
types over time, averaged across three simulation runs. Across most of the simulation horizon, reply
actions dominate human behaviour at roughly 60 % of all actions, followed by /ike actions at around 20 %

and retweet actions at approximately 10 %. Follow actions occur consistently but represent only a small
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Figure 49: Human agent action dynamics over time for the climate change topic under emotional bots. The figure
shows the mean proportion of actions averaged across three simulation runs.

share of activity, while tweet creation, unfollow actions, and nothing actions remain rare throughout.

A deviation from this stable pattern occurs during the initial phase of the simulation. Within approxi-
mately the first ten timesteps, unfollow actions are more frequent and retweets account for a larger share
of interactions, while replies are less dominant. After this phase, replies rapidly become the primary form
of engagement and remain so for the remainder of the run. Although Figure 49 shows a climate change
run with emotional bots, the same qualitative action dynamics are observed across all climate change

simulations.

Corresponding action dynamics for all bot and control conditions are shown in Appendix V. Across both
topics, the temporal action distributions are largely similar. A minor difference is observed in the early
phase of the climate change simulations, which shows a brief concentration of nothing actions that is
not present for the vaccination topic. Conversely, the vaccination topic exhibits slightly higher shares of

nothing actions in later timesteps, occurring only in the four bot conditions.

Positioning effects in action selection Figure 50 reports the distribution of targeted actions by human
agents across timeline positions. The analysis considers all action-decision outputs that specify a concrete
timeline target and maps the referenced tweet identifier to its position in the rendered timeline, ranging
from position 1 (top item) to position 6 (maximum configured timeline length). Actions that do not
require a timeline target, such as tweet and nothing, are not included. The data is aggregated across all
runs and restricted to human agents. The distribution shows a strong positional gradient. The number of
actions targeting a timeline item decreases sharply with increasing position, following an approximately
exponential decay. When abstracting from differences in total interaction volume across positions, the
relative composition of action types within each timeline position is broadly similar. An exception is
observed for unfollow actions, which occur only for items in the first three timeline positions and are

absent for lower-ranked items.
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Figure 50: Distribution of targeted actions by human agents across timeline positions. Bars are stacked by action
type and aggregated across all human agents and runs. Only actions targeting visible timeline items are included.

Figure 51 reports a complementary analysis based on the position of action options within the randomised
action-decision prompt (see Section 5.3.3). For each decision, the selected action is mapped to its position
in the prompt-specific action list. Across all agents and runs, all seven action positions receive selections,
but the first position is chosen substantially more often than any subsequent position, with more than
twice as many selections as later positions. A sharp drop is observed from the first to the second posi-
tion, followed by a more gradual decrease across the remaining positions. The relative distribution of
action types is broadly similar across positions, although the first position exhibits the greatest diversity

of selected actions and the lowest relative share of reply actions compared to later positions.
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Figure 51: Distribution of selected actions by their position in the randomised action-option list. Bars are stacked
by action type and aggregated across all human agents and runs. Position 1 corresponds to the first action option
shown in the prompt.

Timeline composition under the ranking algorithm Table 15 reports the composition of agents’ home
timelines by follow status and author type, aggregated across all bot runs and 2,874,028 timeline im-
pressions. The feed is dominated by content from followed accounts, which account for 84.73 % of all
impressions, while 15.27 % originate from non-followed accounts. Bot-authored content is rare overall,
comprising 0.52 % of all impressions. Within the followed portion of the feed, bot-authored messages ac-
count for only 0.37 % of impressions, whereas their relative share is higher among non-followed content
at 1.30 %. As aresult, bots are approximately 3.5 times more likely to appear in the non-followed portion
of the feed than in followed content.

Table 15: Composition of home timeline impressions by follow status and author type, aggregated across all bot
runs. Percentages are reported relative to the total number of impressions.

Category Impressions Share (%0) Bot (%) Human (%)
[Following] 2435206 84.73 0.37 84.36
[Not following] 438 822 15.27 1.30 13.97
Total 2874028 100.00 0.52 99.48

Agent-level action heterogeneity Table 16 summarises per-agent action count statistics aggregated over
the full simulation horizon. Each agent is represented by a vector of raw action counts over 200 timesteps.
Human agents exhibit substantial heterogeneity across all action types, reflected in large standard devia-

tions relative to the means, particularly for replies, retweets, and likes.

Bot agents also display non-trivial variability in action counts. However, their mean activity profiles
differ systematically across narrative styles. Scientific-authority bots show the highest mean number of

reply actions, while emotional and echo-claim bots exhibit higher mean levels of retweeting and tweet
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generation. Post-truth populist bots initiate the highest mean number of follow actions among the bot
types. Overall, the table shows that population-level action dynamics arise from heterogeneous human
engagement alongside distinct, style-specific bot activity patterns.

Table 16: Agent-level action count heterogeneity across the full simulation horizon. Each row aggregates over

individual agents of the same type. One datapoint corresponds to one agent and records the total number of actions
of a given type performed over 200 timesteps. Values are reported as mean with standard deviation in parentheses.

Agent type Tweets Replies Retweets Likes Follows
Human 246(2.02) 102.46 (31.01) 38.21(15.84) 45.18(17.39) 10.78 (6.54)
Emotional bot 1.27 (1.45) 50.14 (24.26) 109.58 (31.69) 31.11(13.91) 7.82(4.03)

Post-truth populistbot ~ 0.92 (1.19)  85.40 (26.93)  73.93 (30.11)  29.20 (8.13)  10.42(5.22)
Scientific-authority bot  0.10 (0.30)  99.61 (31.16)  69.45 (33.29)  21.18 (7.36)  9.63 (3.83)
Echo-claim bot 4.09 (3.69) 79.71 (22.13)  80.39 (26.22)  28.86(6.59)  6.86 (3.19)

Action composition by political posting propensity Figure 52 reports mean per-agent action shares
grouped by political posting propensity, derived from the ANES variable V242581, which captures re-
spondents’ self-reported frequency of posting political content on Twitter on a five-point scale ranging
from always to never (see Section 5.3.1). The category “you never post about politics” is not shown, as
such personas were excluded during silicon sampling. Across all remaining categories, action composi-
tions are highly similar. Replies dominate in every group, followed by retweets and likes, while tweet,

follow, and unfollow actions remain rare.

Minor differences appear at the extremes of the spectrum. Agents reporting infrequent political posting
exhibit a higher share of non-text-producing actions, most notably likes, alongside slightly more follow,
unfollow, and nothing actions. By contrast, agents reporting frequent political posting show higher shares
of text-producing actions, with replies accounting for approximately 57 % and retweets for about 32 %
of actions. Overall, action compositions remain similar across posting-propensity categories, with only

small differences in the relative shares of individual action types.
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Figure 52: Mean per-agent action shares across all decision steps, grouped by ANES political posting propensity
categories. Bars are stacked by action type and normalised per agent. Numbers above bars indicate the number of
agents per category.

Symbolic patterns in persona names and handles Across the combined climate and vaccination pop-
ulations, obtained as the union of two silicon-sampled populations of 100 agents each, the persona set
contains 145 unique individuals after deduplication by ANES ID, spanning 40 distinct first names. First-
name usage is highly concentrated: the most common names are Emily (29 agents, 20%), Ethan (28

agents, 19%), and John (11 agents, 8%), together accounting for nearly half of the population.

Geographic self-references are common in persona handles. Twenty-five agents (17%) include a reference
to a US state or state-related variant in their handle, such as @goldbergutah or @jamie_ nv. These refer-
ences comprise explicit state names, demonyms, or abbreviations validated against the agent’s recorded
state of residence. A notable outlier is the handle @texanconservat, which appears in three variants
(@Qtexanconservat, @texanconservatl, @texanconservat2) deduplicated from the truncated form of
texanconservative. All three personas correspond to white, heterosexual men from Texas who lean Re-

publican and self-describe as conservative.

Ideological signaling in handles is less frequent. Eleven agents (8%) include a liberal-related substring,
for example, @oldsouthernlib or @liberalvoice, while nine agents (6%) reference conservative identity,
such as @texanconservati or @okcconservative. Overall, most personas adopt ideologically neutral

handles, with geographic cues appearing more often than explicit political self-identification.
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7 Discussion

This chapter interprets the evaluation results and discusses their implications for using LLM-based gener-
ative agents to study persuasion and belief change in social media environments. It situates the findings in
the broader debate on validity in generative social simulation and reflects on methodological limitations

and ethical considerations that bound their interpretation.

7.1 Summary of Results

This thesis investigated whether generative agents can be used to simulate belief change under different
narrative styles employed by social bots within a generative social simulation that realises a Twitter-like
social media environment. Belief updating in the simulation is driven by persuasion signals learned
from CMV data and empirically grounded in human-verified instances of belief change. The evaluation
therefore proceeds from validating the realism of this persuasion signal to analysing population-level
belief dynamics, the comparative efficiency of narrative styles, and the internal validity of the simulation

mechanisms that mediate exposure, interaction, and network evolution.

Regarding RQI1.1, the empirical realism of the persuasion judge is assessed through its predictive per-
formance and loss-based behaviour on held-out CMV data. A RankFormer model is trained on 46,846
CMV threads to rank replies by persuasiveness using a supervision signal that combines delta awards
and engagement information. The final model achieves a test Acc@1 of 0.388, an NDCG @5 of 0.597,
and a list-head precision-recall AUC of 0.512, outperforming alternative supervision regimes across all
primary evaluation criteria. This model is integrated into the simulation as the persuasion judge by using
its ranked persuasion scores to weight incoming messages in an update equation corresponding to the
general update rule of continuous opinion dynamics models, where social influence from other agents is
decomposed into exposure to their individual messages. To map qualitative ranking scores to quantitative
stance shifts, a global scaling factor v = 1.0448 is calibrated on single-delta CMV threads with explicit
post-delta explanations. Qualitative error analysis further shows that misrankings follow stable and recur-
ring patterns, with the most severe errors concentrated in long, high-activity threads and often involving

short delta-winning replies.

For RQ1.2, which examines the effectiveness of different narrative styles in shaping population-level
stance change, the simulation exhibits strong convergence across all narrative styles and topics. Individual
stances move rapidly during the early phase of the simulation and gradually approach narrow final ranges,
with stance dispersion decreasing over time. Narrative style primarily affects the speed and extent of
early belief change rather than the existence of convergence itself. Scientific-authority bots induce the
fastest and most extreme stance shifts, while emotional bots lead to slower convergence and broader final
distributions. These qualitative patterns are robust across random seeds and generalise from vaccination

policy to the climate change topic.

For RQ1.3, which focuses on the efficiency of narrative styles in inducing belief change relative to a fixed-
stance control, systematic differences are observed across bot configurations. Scientific-authority bots
achieve the highest endpoint and cumulative efficiency, while emotional bots consistently underperform

the control condition. AUC-based efficiency measures accentuate differences that are weak or absent at the
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final timestep and place greater weight on early belief change. Although the relative ordering of narrative
styles is consistent across measures and topics, none of the pairwise efficiency differences reach statistical
significance under seed-wise testing, indicating limited statistical power at the level of the experimental

design.

Finally, simulation validity checks indicate that the observed belief dynamics arise under interaction
and exposure mechanisms that function as intended. Individual agent actions are locally coherent and
grounded in memory, stance, and timeline context. Network evolution is dominated by human—human
connections, with bots remaining peripheral in terms of in-degree while influencing exposure through
recommendation mechanisms. Action dynamics are stable across runs, with replies dominating engage-
ment after a short initial adjustment phase. Timeline position and prompt ordering strongly shape action
selection, and aggregate warning rates remain low and largely benign. Together, these checks support the
interpretability of the belief-change results while clarifying the structural conditions under which they

emerge.

7.2 Interpretation of Results
7.2.1 Interpretation of RQ1.1: Empirical Realism of the Persuasion Judge

The quantitative performance of the persuasion judge indicates that it captures a meaningful but inherently
imperfect signal of persuasive success in CMV discussions. With a test Acc@1 of 0.388, performance
is substantially above a random baseline, which would be close to 10% given a median of approximately
nine replies per thread. Together with NDCG@35 and list-head precision—recall AUC, these results show
that the model reliably prioritises persuasive replies and distinguishes persuasive from non-persuasive

threads despite ambiguity and class imbalance.

The hyperparameter analysis clarifies how persuasive signals are encoded. Reply-ranking ablations with
a = 0 achieve competitive Acc@]1 values, with differences to configurations using list-level supervision
in the range of only a few hundredths. This closely mirrors findings reported in the RankFormer paper,
where ablations without listwide supervision perform only slightly below configurations with moderate
list-level weighting, such as o = 0.25 (Buyl et al. 2023). At the same time, their best-performing config-
uration also relies on a moderate list-level weight, while stronger emphasis on list-level supervision does
not yield further gains. Overall, listwide supervision provides incremental improvements over reply-level

ranking alone rather than a qualitative shift in performance.

Qualitative error analysis reveals systematic patterns in the model’s misjudgements that are consistent
with known properties of persuasion in CMV. Delta-winning replies are often short and highly focused,
introducing a single decisive reframing or criterion shift, whereas the model tends to assign higher scores
to longer, analytically elaborate responses that refine the original framing. These mismatches are most
pronounced in subjective or value-laden domains, where what is convincing depends strongly on indi-
vidual preferences rather than on the presence of generally unknown or corrective arguments. Severe
errors further concentrate in longer, highly active threads, where the number and order of replies increase
the difficulty of identifying a single decisive persuasive move. Prior work helps explain these patterns:

Tan et al. (2016) show that reply length is a strong predictor of persuasive success in CMV, while also
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demonstrating that earlier replies are substantially more likely to receive deltas, making entry order a key
determinant of persuasion that is not accessible to text-only models such as RankFormer. Complemen-
tary studies further show that persuasive success depends on user characteristics, conversation structure,
and argumentative sequencing, all of which contribute predictive signals beyond surface text quality (Al-
Khatib et al. 2020; Z. Wei et al. 2016; Hidey and McKeown 2018; Capuano et al. 2024). In this light,

many high-confidence errors reflect structural blind spots in text-based persuasion modelling.

Finally, y-calibration provides context for how persuasion signals translate into belief updates. The esti-
mated scaling factor ~y is close to one, indicating that unscaled model outputs match the average magni-
tude of observed stance shifts in single-delta threads. At the distributional level, however, belief change
in CMV is strongly bimodal, with either minimal change or large, abrupt shifts corresponding to delta
awards. Calibration, therefore, aligns the model to the mean of a distribution dominated by extreme events
rather than to a continuum of incremental belief change. As a result, the persuasion judge is empirically
grounded in salient, explicitly acknowledged persuasion events, while gradual or latent attitude shifts

remain underrepresented.

Overall, the persuasion judge achieves empirical realism at a level suitable for population-level simulation,
while inheriting systematic biases from its training data. It captures dominant patterns of acknowledged
persuasion in online discourse but remains less sensitive to subtle or cumulative belief dynamics that fall

outside the CMV paradigm.

7.2.2 Interpretation of RQ1.2: Convergence and Assimilative Belief Dynamics

The population-level belief dynamics observed across narrative styles are characterised by rapid early
adjustment, followed by asymptotic convergence toward a narrow stance range. This pattern appears to
be a structural property of the simulation rather than a narrative-specific effect. While narrative styles
modulate the intensity and speed of early belief change, they do not alter the overall direction of the
dynamics, which consistently move toward consensus. Across both topics, the majority of belief change
occurs in early timesteps, indicating diminishing marginal influence of continued exposure once agents

approach similar stance levels.

The shape of the individual stance trajectories that constitute these population dynamics can be directly
explained by the stance update mechanism defined in Eq. 14. Because belief change per message is
proportional to the discrepancy between the sender’s and receiver’s stances, large initial opinion differ-
ences produce strong updates, while influence weakens as agents become more similar. This generates a
characteristic curvature in the trajectories, with steep early movement followed by progressively smaller

adjustments, and explains why early interactions dominate the overall belief dynamics.

These observations align closely with the class of assimilative continuous opinion dynamics models de-
scribed in Section 3.5.1. In such models, agents connected by a social relation always influence one
another toward reducing opinion differences, and consensus emerges whenever the interaction network
remains connected. The near-identical convergence behaviour observed in the movable-stance control
condition closely mirrors the canonical dynamics of assimilative influence models, as illustrated in Fig-
ure 53(a). Introducing bot agents with fixed stances effectively shifts the consensus point, producing

asymptotic convergence toward the bot objective rather than toward the initial population mean.
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(a) Assimilative influence leads to con- (b) Similarity-biased influence leads to (c) Repulsive influence leads to bipolari-
sensus clustering sation

Figure 53: Ideal-typical opinion dynamics generated by the main classes of ABMs of social influence. The figure
shows the evolution of the distribution of opinions in a one-dimensional bounded opinion space within a fully
connected population. The horizontal axis represents time, while the vertical axis denotes continuous opinion values
in the interval [0, 1]. From left to right, the panels illustrate (a) assimilative influence leading to convergence toward
consensus, (b) similarity-biased influence producing multiple stable opinion clusters, and (c) repulsive influence
resulting in bi-polarisation with diverging positions (Source: adapted from Flache et al. 2017).

The simulation allows agents to modify their social neighbourhood through follow and unfollow actions,
replacing the fixed interaction graph assumed in classical bounded-confidence models with a dynamically
evolving follower network. While no explicit confidence threshold was implemented, it was plausible to
expect that agents might implicitly limit influence from dissimilar others by removing social ties, thereby
approximating similarity-biased influence regimes in which opinion clustering can emerge (Figure 53(b)).
In practice, however, such regimes do not materialise. The availability of unfollow actions does not
lead to sustained fragmentation of the interaction network, and belief dynamics remain firmly within the
assimilative regime. This indicates that, under the present design, network adaptation through follow
and unfollow actions was not sufficient to realise similarity-biased influence in practice. Rather than
decoupling interaction from opinion distance, the implemented bounds appear too weak or too rarely

activated to shift the system out of the assimilative regime.

At the population level, belief trajectories are highly reproducible across random seeds, showing stable
macro-level behaviour and reducing concerns related to temporal instability and irreproducibility ([C3];
see Table 3). At the same time, differences in initial stance distributions across topics point to poten-
tial distributional constraints. For vaccination policy, initial stances are concentrated within a narrow
pro-policy range, whereas the climate change topic exhibits a more bimodal starting distribution. This
asymmetry may reflect a form of persona collapse or distributional misalignment ([C4]). Although per-
sonas are generated via silicon sampling to introduce heterogeneity, language models still tend to avoid
strongly anti-consensus positions and produce stance initialisations that are less diverse than the underly-
ing persona attributes would suggest. These constraints limit the range of belief configurations explored

by the simulation and likely contribute to the strong convergence patterns observed across conditions.

7.2.3 Interpretation of RQ1.3: Efficiency, Statistical Power, and Narrative Effects

RQ1.3 addresses differences in how efficiently narrative styles induce belief change over time, distinguish-
ing between outcomes and cumulative influence. While the relative ordering of narrative styles is stable
across topics and seeds, with scientific-authority bots consistently outperforming emotional bots, these

differences do not reach statistical significance under the current experimental design.
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This absence of statistical significance should not be interpreted as evidence for negligible effects. End-
point efficiency compresses differences because most conditions enter an asymptotic regime early, leaving
limited scope for divergence at the final timestep. In contrast, AUC efficiency captures the temporal accu-
mulation of belief change and consistently separates narrative styles, even when endpoint differences are
weak or negative. Under these dynamics, narrative styles that induce rapid early shifts can accumulate
substantial cumulative influence while still appearing inefficient at the endpoint. Statistical resolution
is further constrained by the discrete nature of the paired exact sign-flip permutation tests: with n = 3
seeds, the smallest attainable two-sided p-value is 0.25, which several AUC comparisons already reach.
Increasing sensitivity would therefore require additional runs, which is constrained by the computational

cost and scalability limits inherent to generative social simulation ([C1], see Table 3).

The strong performance of scientific-authority bots and the systematic underperformance of emotional
bots are probably influenced by properties of the persuasion signal learned from CMYV. Persuasion on
CMV s structured around explicit argumentative negotiation, where successful replies often rely on
systematic discourse moves such as concessions (e.g., "I agree, but ...””) to acknowledge the opposing
view, qualify claims, and introduce counterarguments (Musi 2018). These moves align closely with the
scientific-authority narrative style (see Section 5.4.2). In addition, CMV’s rules and moderation prac-
tices promote detailed reasoning by both opinion holders and challengers (Jo et al. 2018). Within this
discourse context, knowledge-oriented contributions are more strongly associated with acknowledged
belief change than emotionally framed messages (Monti et al. 2022), which helps explain the higher ef-
ficiency of the scientific-authority narrative style observed in the simulation. More broadly, expert- and
science-oriented subreddits systematically prefer objective and analytic language over emotional expres-
sion, situating CMYV as an environment that is particularly receptive to scientific-authority styles (Horne
et al. 2017). As a result, the observed efficiency differences should be interpreted as conditional on a
persuasion signal grounded in CMV-style discourse, rather than as general claims about narrative effec-

tiveness across social media platforms.

7.2.4 Methodological Implications for Generative Social Simulation

Assessing the validity of micro-level behaviour in generative social simulations is challenging, as no
clear or generally accepted criterion exists for judging the correctness of individual agent actions. As
noted by Larooij and Tornberg (2025b), validation at this level therefore commonly relies on subjective,
plausibility-based assessment rather than formal benchmarking. Within this unavoidable constraint, the
present simulation produces belief dynamics that, under qualitative inspection, arise from interaction pat-
terns that are stylised yet broadly plausible as social-media behaviour. While micro-level behaviour is not
the primary object of validation in this work, it remains essential insofar as it constitutes the mechanism

through which the empirically grounded stance updates shape macro-level outcomes.

At the macro level, several systematic tendencies point to known limitations of current LLM-based agents.
Interaction is dominated by replies, likes, and retweets, all of which are predominantly affirmative or so-
cially positive actions. Replies and retweets are frequently phrased in agreement-oriented or supportive
language, and follow actions vastly outnumber unfollow actions. Together, these patterns indicate a strong

bias toward cooperative and affirming behaviour, consistent with effects commonly attributed to reinforce-
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ment learning from human feedback and instruction tuning (see Section 2.1). A similar pattern is observed
in persona generation, where user handles exhibit low heterogeneity and frequently reuse stereotypical
political or geographic identifiers. This suggests constrained variation in surface-level persona expression
despite silicon sampling and aligns with concerns about persona collapse and distributional misalignment
([C4], see Table 3). Together, these patterns indicate a strong bias toward cooperative and affirming be-
haviour that has also been reported in recent studies of generative agents in interactive social settings
(Fontana et al. 2025; Cau et al. 2025).

The analysis also reveals several forms of shortcut behaviour that appear to shape action selection. Actions
that do not require selecting a target from the timeline, such as posting a new tweet or taking no action,
occur least frequently. Instead, agents predominantly act on visible timeline items, which may reflect
a preference for cognitively simple completions that reuse readily available context. This tendency is
plausibly reinforced by the simulation setup, in which an initial burst of content generation ensures that
timelines are already saturated with material to react to. Additional shortcut behaviour is suggested by
partial reuse of timeline or memory text and by a residual bias toward selecting the first-listed action
option in the action-decision prompt. This bias persists despite randomisation of action option order,

indicating sensitivity to prompt position rather than to the specific semantics of the first option.

While aggregate action shares deviate from empirical social-media behaviour, a clear structural regularity
emerges. In the simulation, interaction is strongly dominated by replies, with likes and retweets occurring
substantially less often, while follows, tweet creation, unfollowing, and inactivity remain rare. This dis-
tribution contrasts with empirical studies of Twitter engagement, which consistently find that lightweight
interactions such as likes and retweets dominate user activity, while replies constitute only a small minor-

ity of engagements (Shu et al. 2020; Fang et al. 2022).

At the same time, interaction probability in the simulation exhibits a pronounced decay with timeline
position. Items appearing at the top of the ranked feed receive disproportionately more interactions, with
attention dropping rapidly for lower-ranked content. This pattern is consistent with empirically docu-
mented position bias in ranked lists, where limited attention and top-down browsing behaviour lead to
monotonically decreasing interaction likelihood with rank (Craswell et al. 2008; Dzhoha et al. 2024). This
indicates that, although absolute action frequencies are not realistic, the relative allocation of attention

across ranked content is plausibly captured.

Finally, the observed macro-level convergence must be interpreted in light of the interaction patterns and
network dynamics realised by the simulation. Although agents can modify their social neighbourhood
through follow and unfollow actions, these mechanisms do not meaningfully reduce exposure to dissimilar
opinions. In particular, bots remain visible through reply-based exposure, as the feed ranking algorithm
surfaces replies to addressed users even in the absence of a follower relation (see Section 5.5.2). As a

result, unfollowing does not reliably suppress influence from disliked or opposing accounts.

Additional constraints further weaken unfollowing as a structural bound. Follow and unfollow actions
are specified indirectly via tweet identifiers, which are then mapped to user identities by the environment
(Section 5.3.3). In some cases, this indirect mapping prevents agents from breaking intended ties, includ-
ing failed attempts by human agents to unfollow bots. Temporally, unfollow actions occur most frequently

early in the simulation, likely reflecting an initial adjustment of a social graph that is not conditioned on

126



Limitations

persona similarity. Over time, however, follow actions consistently outnumber unfollow events, leading

to increasing network density.

Overall, belief dynamics are dominated by reply-based exposure within a persistently connected network,
rendering unfollowing insufficient as a bound on influence. Convergence thus emerges alongside network

adaptation rather than being mitigated by it.

Biasing an LLM through prompt formulation cannot be treated as a binary decision but must instead be
understood as operating on a continuous scale. J. Zhou et al. (2025), through the PIMMUR principles of
Minimal Control and Unawareness discussed in Section 2.8.3, emphasise avoiding explicit behavioural
steering to preserve naturalistic and genuinely emergent agent behaviour. Their guidance to provide only
essential instructions for perception, action, and communication, however, does not define a clear opera-

tional boundary between acceptable guidance and unintended bias.

While some forms of prompt bias are clearly undesirable, such as encoding explicit behavioural rules or
embedding hypotheses directly into prompts, the boundary becomes increasingly blurred beyond these
obvious cases. Every prompt design decision introduces some degree of inductive bias through wording,
framing, or level of detail. Prompt design choices therefore lie on a spectrum of influence rather than

constituting a simple yes or no decision.

This lack of a principled boundary became evident during the development of the social simulation. Even
minimal prompt changes often produced unexpectedly large and difficult-to-explain effects on simula-
tion outcomes. For example, modifying the textual description of what a given action represents on the
platform led to noticeable shifts in agents’ action distributions. Similarly, the order in which action de-
scriptions were presented influenced action selection frequencies, despite randomisation elsewhere in the
prompt structure. These observations underline that not only individual words matter, but also the de-
cision of what information is included in a prompt and what is deliberately omitted. In the context of
generative agents, this issue is commonly discussed as the challenge of prompt robustness (L. Wang, Ma,
et al. 2024).

This ambiguity is further compounded by the asymmetry in how different forms of prompt-induced bias
are evaluated. Mechanisms such as silicon sampling or few-shot examples are commonly treated as ac-
ceptable design choices, whereas explicit behavioural steering is considered problematic, despite both
shaping agent behaviour through prior information. This inconsistency reveals an unresolved conceptual

gap in current guidance on prompt-based agent design.

However, at some point, a prompt design must be fixed by committing to an arbitrary but necessary point
on the prompt bias scale. In this sense, prompt bias cannot be eliminated but must be understood as a

structural condition of generative social simulation that requires explicit acknowledgement.

7.3 Limitations

The limitations of this work operate at two levels. First, the simulation inherits general constraints that are
intrinsic to generative social simulation with LLMs, discussed in Section 2.7 and summarised in Table
3 as [C1]-[C7]. These paradigm-level limitations are not revisited here. Instead, this subsection focuses

on limitations that arise from the specific methodological choices underlying the present simulation and
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that bound the interpretation of its empirical results by clarifying which aspects of persuasion dynamics,

social structure, and agent behaviour are structurally constrained by the selected modelling abstractions.

CMYV-grounded persuasion constraints A substantial share of the limitations discussed below arises
directly from the decision to ground stance updating in a purpose-aligned and externally validated persua-
sion signal. As argued in Section 2.8.1, externally grounded validation requires that components driving
the core outcomes of a generative social simulation be empirically anchored in real behavioural data and
that simulated dynamics be interpreted relative to the scope of this grounding. In the present work, per-
suasion is the central mechanism through which stance change is generated, and CMV therefore serves as
the primary external reference. While this choice strengthens interpretability and avoids purely surface-
level plausibility checks, it also imposes structural constraints on how persuasion and belief change can

be represented.

Belief updating is operationalised via a scalar stance variable and an assimilative update rule in which
belief change is proportional to the difference between an agent’s current stance and the stance implied by
an incoming message, following continuous opinion dynamics models (Section 3.5.1). This formulation
assumes that exposure to another agent’s stance induces movement in that direction. In practice, however,
individuals may encounter opposing arguments that are perceived as weak or normatively objectionable,
resulting in no change or even further movement away from the expressed position, which is not captured
by the present update rule. More generally, reducing complex political opinions to a single scalar value
abstracts away the fact that such opinions are formed by weighing multiple, partially conflicting consider-
ations. The resulting belief trajectories, therefore, reflect movement along a fixed stance axis rather than

changes in the underlying structure of beliefs.

These constraints are further shaped by the properties of the persuasion data derived from CMV. This data
captures short-term, explicitly acknowledged belief change in a highly structured and community-specific
discussion setting, where participants engage with the explicit goal of changing others’ views and where
OPs signal openness to being persuaded through delta awards. Interaction is therefore predominantly
conducted in good-faith, argument-focused exchanges. The resulting persuasion signal is tuned to discrete,
explicitly marked persuasion events rather than to gradual, affective, or cumulative belief shifts. Long-
term belief persistence, decay, and post-discussion consolidation are not represented. Applying this signal
in a Twitter-like simulation with short, compressed messages and different discourse conventions moves
the model outside the distribution on which it was trained, and the resulting belief dynamics may differ

from those observed in less structured or more adversarial social media environments.

Reliance on CMV-shaped persuasion signals conditions the observed effectiveness of narrative styles.
Scientific-authority bots align closely with discourse patterns rewarded in CMV, whereas emotionally
framed narratives are structurally disadvantaged. Efficiency differences should therefore be interpreted
as conditional on CMV-style deliberative discourse and may not transfer unchanged to social media envi-

ronments with different interaction norms and discourse conventions.

Taken together, these limitations reflect an unavoidable trade-off imposed by the scarcity of high-quality
persuasion-labelled data. Anchoring belief updates in CMV-derived signals prioritises empirical ground-

ing and interpretability, but necessarily constrains the forms of persuasion and belief change that the
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simulation can meaningfully represent.

Network and interaction abstractions A further set of limitations arises from modelling abstractions
introduced to keep the simulation tractable and interpretable. Any formal model necessarily abstracts
from aspects of reality to isolate specific mechanisms of interest, and generative social simulations are no

exception.

The follower network is initialised in a simplified manner that abstracts away the processes by which social
ties are formed (Section 5.5.1). Initial connections are not conditioned on agents’ stances or personas,
and may therefore link agents with highly dissimilar positions. The network is further assumed to exist at
simulation start. While bot agents are deliberately placed in peripheral positions rather than occupying
central roles, the simulation does not model how accounts gain followers, increase visibility, or embed
within communities over time. Prior work conceptualises social bot operations as a multi-stage workflow
that includes deployment, social network expansion, and only subsequently the release of influence (L.
Xu 2023; W. Wang et al. 2020). The present simulation focuses on this final stage and treats network
position as largely exogenous. As a result, it abstracts away network growth and infiltration dynamics that
are widely regarded as central to real-world influence operations, and instead isolates persuasive effects

conditional on assumed access and exposure.

Relatedly, the simulated population is not embedded in geographically or socially localised communities
(Section 5.3.1). Personas are sampled from ANES data covering the entire US population, but interaction
is not constrained by region or locality. Agents therefore interact at a national scale rather than within
the more clustered and locally bounded discourse spaces that typically characterise real social media
discussions (Takhteyev et al. 2012; Pfetsch et al. 2021).

The design of the simulation environment further limits the structure of interaction. While agents can
reply to posts, the environment does not support deep, branching sub-threads with sustained multi-party
exchanges. Discussion, therefore, remains relatively shallow, and argumentative trajectories that unfold

over long reply chains or nested debates are not represented.

The feed-ranking algorithm is deliberately constrained to limit repeated exposure to the same content
(Section 5.5.2). Timelines prioritise previously unseen messages to keep belief updates attributable to
individual exposures and to prevent uncontrolled accumulation of multiple stance updates for the same
message. This design choice suppresses virality and visibility-driven engagement dynamics that play
a central role on real social media platforms, limiting interaction to largely first-order effects without

cumulative reinforcement from repeated exposure.

Taken together, these limitations bound the scope of the simulation to persuasion dynamics under con-
trolled exposure within a connected but deliberately simplified social structure. A central constraint un-
derlying many design choices is the limited availability of externally grounded persuasion data. CMV
currently represents the most viable large-scale source of explicit, behaviourally anchored belief-change
signals, and much of the modelling effort necessarily revolves around adapting the simulation to the struc-

ture and assumptions of this data.
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Implementation sensitivity and stochasticity Beyond this data dependency, the present work also re-
flects a more general limitation of agent-based modelling. Complex simulations are inherently sensitive
to implementation details that cannot be exhaustively specified or standardised, a challenge that is ampli-
fied in generative social simulations by stochastic LLM behaviour. As a result, it is difficult to distinguish
dynamics that are structurally robust from those that depend on particular design decisions. The con-
tribution of this work should therefore be understood as a carefully bounded and empirically anchored
exploration of belief change dynamics under explicitly stated assumptions, rather than a definitive account

of real-world persuasion processes.

7.4 Ethical Considerations

This work addresses ethically sensitive questions concerning belief formation, persuasion, and the use
of automated agents in social media environments. While the simulation is designed as an analytical
research tool, its focus on influence dynamics and social bots raises ethical considerations related to data
use, dual use, and responsible interpretation, consistent with the ethical and societal risks outlined in
Table 3 as [CT7].

Use of existing data and in silico simulation The study draws exclusively on previously published
datasets derived from CMYV, including the Winning Arguments Corpus and Webis-CMV-20. These
datasets were collected as part of prior research, and their use here assumes that the original studies
adhered to appropriate ethical standards with respect to consent, anonymisation, and data handling. No
new data from human participants are collected, and no real users are exposed to experimental interven-
tions.” All agents in the simulation are synthetic, and belief dynamics are studied entirely in silico. This
avoids the ethical concerns that would arise from modelling, measuring, or attempting to influence the

beliefs of real individuals in experimental settings.

Ethical sandboxing A key motivation for using generative social simulation in this work is the pos-
sibility of ethical sandboxing [A5]. The simulation enables controlled experimentation with persuasion
dynamics, exposure mechanisms, and narrative framing without exposing human participants to poten-
tially harmful or deceptive interventions. Sensitive processes that would be ethically impermissible to

study directly are instead examined in a fully artificial environment.

Dual-use risks Despite its analytical intent, the simulation exhibits clear dual-use characteristics, a
concern highlighted in prior work on social simulation and persuasion modelling [C7]. Models that
quantify persuasive impact or compare narrative effectiveness could, in principle, inform the design of
more effective social bots or influence strategies. In the present study, this risk is limited by scope and
design. The simulation does not interact with real platforms, does not involve real users, and abstracts
away critical stages of influence operations such as social bot deployment and network infiltration. The
analysis is confined to belief change conditional on exposure, rather than to operational optimisation of

influence in real-world settings.

® This design choice contrasts with a recent controversial study in which LLM-generated content was deployed directly in
the r/ChangeMyView community to measure persuasive effects in situ and without informed consent, prompting widespread
ethical criticism (see O’Grady 2025).
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Responsible interpretation Ethical risks also arise at the level of representation and interpretation [C7].
Although personas are grounded in empirical survey data, simulated populations remain abstractions that
may simplify social identities or underrepresent minority perspectives. In addition, the fluent and coherent
behaviour of language-model-based agents can encourage overinterpretation of simulated outcomes. To
address these risks, the research questions and analyses in this thesis are explicitly formulated at the
population level. The simulation is used to study aggregate belief dynamics and comparative patterns
across conditions, not to draw conclusions about individual agents or specific personas, and results are
interpreted accordingly within the bounds set by the modelling assumptions and limitations discussed

above.

7.5 Future Work

Several directions for future work emerge from the present study, ranging from incremental extensions of

the existing design to more substantive methodological changes and reflective redesign choices.

Scaling and scope extensions A first class of extensions concerns scaling and broadening the current
experimental setup along existing dimensions. Future simulations could explore a wider range of bot
narrative styles, topics, population sizes, and simulation lengths, as well as alternative initial stance dis-
tributions, such as bimodal or skewed configurations. Extending the topic space beyond misinformation-
related or highly polarised domains would help assess whether the observed belief dynamics generalise to
less adversarial issue contexts. Similarly, evaluating different LLLMs or larger model variants could shed
light on how model capacity, alignment, or latent political bias affect agent behaviour and persuasion
outcomes. These extensions would primarily strengthen the robustness and external scope of the current

findings without altering the core simulation logic.

Multidimensional belief representations A second set of directions involves extending the modelling
capacity beyond simple scaling. One promising avenue is the representation of beliefs as vectors span-
ning multiple issues rather than as a single scalar stance. While the present simulation adopts a unidimen-
sional stance representation, Section 3.5.1 already discusses established extensions of continuous opinion
dynamics models to multidimensional opinion spaces. Integrating such representations into a generative
agent framework would allow belief change to reflect trade-offs across multiple considerations rather
than movement along a single axis, bringing the simulation closer to how complex political attitudes are

commonly conceptualised.

Robust prompt design Another extension concerns agent prompting and decision structure. Several
observed shortcut behaviours could be mitigated through alternative prompt designs, such as a two-stage
action-decision process in which agents first select an abstract action type and only subsequently deter-
mine a concrete target or payload. This would reduce coupling between visible timeline content and
action choice and mirrors the sequential stance initialisation procedure used during environment setup
(Section 5.5.1). However, because action decisions occur at every timestep for every agent, such a design
would substantially increase inference cost. Exploring this trade-off between finer behavioural control

and computational feasibility, therefore, remains an important direction for future work.
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Comparing LLMs Future work could also compare different LL.Ms within the same simulation frame-
work. Such comparisons would not primarily aim at scaling effects, but at examining how differences
in training data and instruction tuning shape how political topics are discussed, argued, and framed, and

how these differences translate into persuasion dynamics.

Multimodal LLLM-based interaction Advances in multimodal language models open the possibil-
ity of moving beyond purely textual abstractions of social media interaction. Rather than modelling a
Twitter-like platform solely through text prompts, future simulations could incorporate simplified visual
or interface-level representations of timelines, enabling agents to perceive and act within a more realistic

approximation of platform affordances while still maintaining controlled abstraction.

Adaptive bot strategies Future research could also consider more expressive bot policies. Instead of
fixed narrative styles, bots could dynamically mix or adapt narratives based on observed user charac-
teristics, interaction history, or inferred susceptibility, potentially drawing on richer profile or network
metadata. Extending this further, multiple bot factions with competing objectives or coordinated group

behaviour could be introduced to study strategic interaction, counter-persuasion, and coalition dynamics.

Exposure and recommendation mechanisms A third category of future work concerns design choices
that, informed by the insights gained in this work, could be approached differently in a follow-up imple-
mentation, particularly with respect to recommendation and exposure mechanisms. In the present sim-
ulation, bot accounts can enter human agents’ feeds by replying to them, and such replies are surfaced
irrespective of follower relations. This mechanism plays a central role in enabling belief influence, but
it also weakens exposure control, as follow relations no longer serve as a reliable boundary for limiting

which accounts an agent is exposed to.

In real-world settings, repeated unsolicited messages from unknown accounts are often ignored, muted,
or blocked. By contrast, the current design provides only unfollow actions, which are insufficient to con-
sistently suppress exposure to bot content. Future designs could therefore introduce stronger exposure
constraints, such as explicit blocking actions or simple heuristics that prevent recommendations from ac-
counts an agent has actively unfollowed. Alternatively, recommendation mechanisms could be simplified

or further restricted to make exposure pathways more transparent.

Alternative persuasion data sources At the data level, future work could explore additional sources
of externally grounded persuasion signals beyond CMV, which currently appears to be the most suitable
large-scale resource for this purpose. Even within CMV, alternative supervised learning formulations

beyond the RankFormer architecture could be investigated to derive belief-shift signals in different ways.

7.6 Conclusion

This thesis examined whether and how LLM-based generative agents can be used to simulate belief change
in social media environments under controlled and empirically grounded conditions. Beyond the method-

ological debate around validity in generative social simulation, the work is motivated by the role of social
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bots and narrative persuasion in information disorder and computational propaganda. The central objec-
tive was not to maximise behavioural realism or predictive accuracy, but to assess whether belief dynamics
induced by social bots can be studied in a principled and methodologically defensible way. To this end, the
work combined a Twitter-like generative social simulation with a persuasion signal externally grounded
in human-verified belief change data from CMV and used this framework to analyse how different bot

narrative styles shape population-level belief dynamics.

The overarching research question asked how narrative styles employed by LLM-powered bots affect
belief change and influence efficiency when belief updates are governed by a persuasion judge validated
on human data. This question was decomposed into three sub-questions addressing the empirical realism

of the persuasion signal, the resulting belief dynamics, and the comparative efficiency of narrative styles.

With respect to RQ1.1, the results show that the persuasion judge captures a meaningful, though imperfect,
signal of persuasive success in CMV discussions. Quantitative evaluation demonstrates performance well
above chance across multiple ranking-based metrics, while qualitative error analysis reveals systematic
and interpretable failure modes that align with known properties of online persuasion. Calibration further
links model outputs to empirically observed belief change, ensuring that persuasion scores correspond
to plausible magnitudes of stance updating. Taken together, these findings indicate that the persuasion
judge achieves empirical realism at a level suitable for driving population-level belief updates, while
inheriting structural biases from its training data. The signal reflects explicit, acknowledged persuasion
events rather than gradual or latent belief change, a property that directly shapes the dynamics observed

in the simulation.

Regarding RQ1.2, the simulation consistently exhibits rapid early belief change followed by asymptotic
convergence toward a narrow stance range across narrative styles and topics. Narrative styles primarily
affect the speed and extent of early belief shifts, but do not alter the qualitative regime of the dynamics.
These patterns closely mirror assimilative continuous opinion dynamics models, in which interaction
between connected agents leads to consensus when the network remains connected. Introducing fixed-
stance bot agents shifts the convergence point but does not prevent consensus formation. Attempts to
induce similarity-biased dynamics through unfollowing and network adaptation do not succeed under the
present design, as exposure remains dominated by reply-based interactions within a persistently connected
network. As a result, belief change is structurally driven by early exposure and diminishing opinion

distance rather than by sustained fragmentation or clustering.

RQ1.3 examined how efficiently different narrative styles induce belief change over time relative to a fixed-
stance control. Clear differences emerge across all four bot styles. Scientific-authority bots consistently
outperform the control and achieve the highest efficiency, followed by post-truth populist and echo-claim
bots, which accumulate positive influence over time even when outcomes are close to or weaker than
the control. Emotional bots perform worst and consistently underperform the control across topics and
efficiency measures. Endpoint efficiency compresses these differences due to early convergence, whereas
cumulative AUC-based measures reveal substantial variation in early influence dynamics. The absence of
statistically significant pairwise differences reflects limited statistical power rather than a lack of structure,
given the small number of simulation seeds and the computational constraints inherent to generative social

simulation. Importantly, the relative ordering of narrative styles is stable across topics and measures,
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indicating that these efliciency patterns are robust within the bounds of the experimental design.

Across all three research questions, the findings support a qualified answer to the overarching research
question. Generative agents can be used to simulate belief change under different narrative styles in a
way that is interpretable and empirically grounded, provided that the simulation is tightly anchored in val-
idated persuasion signals and its results are interpreted within clearly defined methodological bounds. At
the same time, the results show that observed belief dynamics are strongly shaped by the specific persua-
sion signal, stance update rule, and exposure mechanisms employed. Narrative effectiveness, therefore,
emerges as a conditional property of the modelling configuration rather than as an intrinsic characteristic

of the narratives themselves.

Beyond the specific empirical results, the thesis makes three broader contributions. Methodologically, it
demonstrates how purpose-aligned and externally grounded validation can be operationalised in a gener-
ative social simulation by embedding empirical grounding directly into the simulation mechanism itself,
rather than treating validation as a purely post hoc evaluation step. Substantively, it provides evidence
that narrative styles influence the timing and efficiency of belief change even when overall dynamics are
dominated by assimilative convergence. Conceptually, it clarifies how limitations related to persuasion
data, opinion representation, network structure, and prompt sensitivity are not incidental shortcomings

but structural conditions that delimit what generative social simulations can and cannot claim.

In this sense, the contribution of this work is not a definitive model of real-world influence operations, but
a deliberately bounded investigation of belief change under explicitly stated assumptions. As Box (1976)
famously noted, ”All models are wrong, but some are useful.” The simulation provides a controlled setting
for examining persuasion processes that would be difficult or ethically problematic to study with human
subjects. Its contribution lies in making the dependencies between persuasion signals, exposure mecha-

nisms, and belief dynamics explicit and traceable, while keeping their empirical grounding transparent.

As generative agents become increasingly deployed in generative social simulation, the central challenge is
no longer what can be generated, but what can be justifiably interpreted. This thesis shows that meaningful
insights into belief change can be obtained when generative capacity is coupled with empirical grounding

and clearly stated assumptions.

At the same time, it shows that validation is not a peripheral concern but the decisive bottleneck for
generative social simulation. Credibility does not follow from scale, apparent realism, or sophistication
alone, but from transparency about what is being modelled, how behavioural signals are anchored in

empirical data, and which conclusions the simulation can and cannot support.
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A CMYV Post-Level Filtering and Cleaning Rules

This appendix documents the concrete post-level filtering and text-cleaning rules applied during the con-
struction of the persuasion judge training data from CMV discussions, as summarised in Table A.1. The
goal of these rules is to remove platform-specific, procedural, and moderation-related content that is not
part of substantive persuasive discourse, and to ensure that all retained posts contain a sufficiently articu-
lated position. The rules listed below are applied uniformly across both CMV data sources prior to reply
selection and listwise training set construction.

Table A.1: Post-level filtering and cleaning rules applied to CMV discussions prior to persuasion-judge training.

The rules exclude system-authored, meta, moderation-related, and procedurally empty posts, and enforce a mini-
mum content requirement to ensure substantive argumentative input.

Rule type

Concrete condition

System-authored
posts

Meta and
coordination posts

Moderator
announcements

Platform
governance
references

Removal and
moderation
artefacts

Deleted or empty
posts

Moderator
boilerplate

(stripping)

Minimum content
requirement

All posts authored by u/AutoModerator are excluded.

Posts whose title or body contains explicit meta markers such as Meta, META,
[metal], meta post, or recurring coordination formats including Fresh Topic
Friday, Free-for-All Friday, TCMV Tuesday, or similar weekday-based for-
mats are excluded.

Posts containing moderator announcement phrasing such as Hello, this is
a message from the mods, Moderator note, This is a message from
the CMV moderators, or comparable announcement-style boilerplate are ex-
cluded.

Posts that explicitly reference subreddit governance or mechanics, including
mentions of u/DeltaBot, subreddit rules, moderation actions, rule enforce-
ment, or modmail, are excluded.

Posts whose text contains removal notices such as This post has been re-
moved, Your submission has been removed, or similar moderation messages
are excluded.

Posts whose body equals [removed] or [deleted] after normalisation are ex-
cluded.

Recurring moderator footers and informational boilerplate specific to CMV, in-
cluding references to the CMV rules or wiki, are stripped from the post text
prior to further checks. Posts are excluded if no substantive content remains
after stripping.

After stripping moderator boilerplate and deletion artefacts, posts must exceed
a minimum length threshold. Posts that remain very short or lack an articulated
position are excluded.

XXXVIII



B Example of a Fully Annotated v-Calibration Thread

This appendix documents the complete annotation pipeline used for ~y-calibration by means of a fully
worked CMV example. Itillustrates how a raw discussion thread is transformed into empirically grounded
belief-shift quantities through topic and claim enrichment, stance annotation, and application of the Rank-
Former persuasion judge. In addition to the annotated thread itself, the appendix provides the exact prompt

templates used at each stage.

B.1 Annotated Thread Example

The example shown in Figure B.1 illustrates a fully annotated CMV thread used for y-calibration. The
thread originates from the Webis-CMV-20 dataset and satisfies all calibration criteria, including the pres-
ence of exactly one awarded delta and an explicit explanation comment written by the original poster.
The original post expresses a strongly supportive stance toward the claim that rap music causes societal

degeneration, which is reflected in an initial stance annotation of spefore = +1.0.

Prior to stance annotation, the thread is enriched with a neutral topic label and a standalone claim using
the prompt shown in Figure B.2. For this example, the resulting topic label is ”Effect of Rap on Society”

and the extracted claim is "Rap has a negative effect on society”.

Based on this enriched representation, stance polarity and strength are inferred for the original post, all top-
level replies, and the OP’s delta-explanation comment using the prompt templates shown in Figures B.3
through B.8.

Across the five top-level replies, stance annotations range from strongly rejecting the claim to neutral or
off-topic responses, yielding reply stance values s = [—0.8,0.0, —1.0, 0.0, 0.0]. The delta-awarded reply
expresses a strong opposing stance and is followed by an OP explanation that explicitly rejects the idea of
ranking art forms objectively, resulting in a post-delta stance annotation of surer = —1.0. The resulting

empirical belief shift for this thread is therefore Arget = Safter — Sbefore = —2.0.

Applying the trained RankFormer persuasion judge to the original post and its replies yields per-reply per-
suasion weights w = [0.040,0.027,0.067,0.022, 0.021]. Using the stance annotations and RankFormer

weights, the unscaled model-implied belief shift is computed as

Apw = Z w; (Si - Sbefore) ~ —0.28.

Although the direction of the model-implied shift aligns with the observed belief change, its magnitude
is substantially smaller, illustrating the need for a global scaling factor. During ~y calibration, such dis-
crepancies are aggregated across all calibration threads to estimate a single factor that aligns the average

magnitude of model-implied persuasion signals with empirically observed belief shifts.

CMV Post — Annotated Stance of +1.0

CMV: Rap causes a degeneration in society and should be considered the worst

kind of art form.
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Top-Level Reply 1 — Annotated Stance of —0.8

1) I would say that rap is a symptom of decay rather than a cause of it. For
the consumer it's escapism from their real life powerlessness. For the sup-
plier, there's a market for the product.

2) Please, won't somebody think of the paragraphs?

Top-Level Reply 2 — Annotated Stance of 0.0

> "To start, I just want to say that two of my friends wrote this”

Unfortunately, you must personally hold the view according to rule B.

A-Awarded Top-Level Reply 3 —+ Annotated Stance of —1.0

I'm going to be honest, I didn't read that giant wall of text, because I feel
confident that the only thing I needed to read was the headline, but anyways.

First of all, let's just dispel this notion that art is ranked. There is no
"best” art. There is no "worst” art. Art is ranked by personal preference. If
many people have the same opinion, it becomes a cultural phenomenon known as

"popular”. That's all it means.

Secondly, there has been absolutely zero documented crime increases that corre-

late with the rise of rap music.

Not. One. According to all Data, society has not degenerated in any way *what-
soever*. This is, scientifically and provably, the safest, happiest, least

dangerous time to be alive in the history of human kind.

I *can’'t help but notice*, in every graph and stat I found, that there just
didn't seem to be any bumps in violence when The Chronic, or Notorious, came
out. Not even when DMX dropped! There was no increase in crime after any major
rap release, and no national increase in gun, gang or violent crime in rap's

entire tenure.

Anyways, I know it's a bit trite, but like, does this, maybe, have anything to
do with black people?

A-Explanation Second-Level Reply from OP — Annotated Stance of —1.0

L I have told them that the things that they say are obviously racist and
stereotyped, but them simply deny them and say it only pertains to

"rappers”. I agree with you where you say that there is no best or worst
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art, and that it's all up to interpretation. Hopefully, showing them the
responses from this thread will help change their staunch opinions. A

Top-Level Reply 4 — Annotated Stance of 0.0

This post has been removed, see Rule B

Top-Level Reply 5 — Annotated Stance of 0.0

Is a Shakespeare play art?

Figure B.1: Fully annotated CMV thread used as an illustrative example for «y calibration. The figure shows the
original post, all top-level replies with continuous stance annotations, the A-awarded reply, and the original poster’s
delta-explanation comment, which serves as the empirical reference for post-persuasion belief change. (Source:
https://www.reddit.com/r/changemyview/comments/5403nk/cmv_rap_causes_a_degeneration_in_society_and).

B.2 Topic and Claim Enrichment Prompt

This subsection presents the prompt used to enrich each calibration thread with a neutral topic label and
a standalone propositional claim prior to stance annotation. The prompt, shown in Figure B.2, enforces a
structured JSON output and ensures that stance is consistently evaluated relative to an explicitly defined

reference proposition.

Topic and Claim Enrichment Prompt Template

You are analyzing a ChangeMyView thread.

Task

Read the OP post and output exactly ONE JSON object and NOTHING ELSE.
Do not explain your reasoning.

Do not add markdown, comments or backticks.

Do not try to call tools.

In the JSON, provide
- "topic_label”: a neutral topic label with 2--6 words
- "claim”: one neutral sentence that states the position as a standalone propo-

sition

Important rules for "claim”

- Do NOT mention the OP, the author, or any person

- Do NOT use phrases like "the OP believes”, "the author thinks"”, "the poster
argues”

- Just state the proposition itself

OP post (title plus selftext)

-
N



https://www.reddit.com/r/changemyview/comments/54o3nk/cmv_rap_causes_a_degeneration_in_society_and

[OP_TEXT]

Now answer with exactly this structure and nothing else

{

"topic_label”: "<short neutral topic>",
"claim”: "<neutral one-sentence proposition>"

b

Figure B.2: Topic and claim enrichment prompt used prior to stance annotation in the ~y-calibration pipeline. The
prompt enforces a neutral topic label and a standalone propositional claim derived from the original CMV post.

B.3 Stance Enrichment Prompt Templates

This subsection collects the prompt templates used for stance annotation at all stages of the ~y-calibration
pipeline. Figures B.3 and B.4 show the prompts used to infer the original poster’s initial stance polarity
and strength. Reply-level stance polarity and strength are annotated using the templates shown in Fig-
ures B.5 and B.6. Finally, the original poster’s post-delta stance polarity and strength are inferred using

the prompts shown in Figures B.7 and B.8.

OP Initial Polarity Prompt Template

You are analyzing a ChangeMyView (CMV) discussion.

Context
Topic: [TOPIC_LABEL]
Claim: [CLAIM]

Task

Classify how the original poster relates to the claim.
Choose strictly one of the following labels

FOR the OP supports the claim

AGAINST the OP rejects the claim

NEUTRAL the OP is undecided or balanced

Consider only the view expressed in the OP post
OP post (title plus selftext)

[OP_TEXT]

Output format
You must NOT call tools or functions.

Do not write tool call markup or any explanation.
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Answer with exactly one word
FOR AGAINST or NEUTRAL

Figure B.3: Prompt template for classifying the original poster’s initial stance polarity relative to the extracted claim.
This prompt constitutes the first stage of the two-stage stance annotation pipeline.

OP Initial Strength Prompt Template

&

You are analyzing a ChangeMyView (CMV) discussion.

Context
Topic: [TOPIC_LABEL]
Claim: [CLAIM]

The original poster has been classified as [POLARITY] the claim.

Task
Rate how strongly the OP holds this stance on a 1 to 5 scale

1 very weak 3 medium 5 very strong

Consider only the view expressed in the OP post
OP post (title plus selftext)

[OP_TEXT]
Output format
You must NOT call tools or functions.

Do not write tool call markup or any explanation.

Answer with exactly one number between 1 and 5

Figure B.4: Prompt template for estimating the strength of the original poster’s initial stance on a five-point ordinal
scale, conditioned on the previously predicted polarity.

Reply Polarity Prompt Template

You are analyzing a ChangeMyView (CMV) discussion.

Context
Topic: [TOPIC_LABEL]
Claim: [CLAIM]
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Task

Classify how the reply author relates to the claim.
Choose strictly one of the following labels

FOR the reply supports the claim

AGAINST the reply rejects the claim

NEUTRAL the reply is undecided balanced or off topic

Reply text

[REPLY_TEXT]

Output format
You must NOT call tools or functions.

Do not write tool call markup or any explanation.

Answer with exactly one word
FOR AGAINST or NEUTRAL

Figure B.5: Prompt template for classifying the stance polarity of a top-level reply relative to the extracted claim.

Reply Strength Prompt Template

You are analyzing a ChangeMyView (CMV) discussion.

Context

Topic: [TOPIC_LABEL]

Claim: [CLAIM]

The reply has been classified as [POLARITY] the claim.

Task

Rate how strongly the reply expresses this stance on a 1 to 5 scale

1 very weak 3 medium 5 very strong

Reply text

[REPLY_TEXT]

Output format

You must NOT call tools or functions.
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Do not write tool call markup or any explanation.

Answer with exactly one number between 1 and 5

Figure B.6: Prompt template for estimating the strength of a reply’s stance, conditioned on its predicted polarity.

OP After Polarity Prompt Template

You are analyzing a ChangeMyView discussion on the topic "[TOPIC_LABEL]".

STANCESUMMARYSENTENCE
The following reply challenged that stance and led the original poster to re-

consider.

Here is the reply that persuaded the original poster

[WINNING_REPLY]

Below is the original poster’s delta-explanation comment written directly in

response to the reply above.

[DELTA_EXPLAIN_TEXT]

Task
Based on the reply that persuaded the original poster and the reasoning the
original poster gives in their delta-explanation comment, determine the stance

the original poster now holds toward the claim.

Choose exactly one stance

FOR now supports the claim
AGAINST now rejects the claim
NEUTRAL now undecided or balanced

Output format
Answer with exactly one word
FOR AGAINST or NEUTRAL

Figure B.7: Prompt template for inferring the original poster’s post-delta stance polarity based on the winning reply
and the OP’s delta-explanation comment.
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OP After Strength Prompt Template

You are analyzing a ChangeMyView discussion on the topic "[TOPIC_LABEL]".
STANCESUMMARYSENTENCE
The following reply challenged that stance and caused the original poster to

change their view.

Reply that persuaded the original poster

[WINNING_REPLY]

Delta-explanation comment from the original poster

[DELTA_EXPLAIN_TEXT]
The original poster is now classified as [NEW_POLARITY] the claim.

Task
Considering the reply that convinced the original poster the reasoning they
give in their delta explanation and their previous stance rate how strongly

the original poster now holds this new stance.

Use a 1 to 5 scale
1 very weak
3 medium

5 very strong

Output format

Answer with exactly one number between 1 and 5

Figure B.8: Prompt template for estimating the strength of the original poster’s post-delta stance following belief
change.
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C ANES 2024 Variables used for Silicon-Sampled Persona Construction

This appendix documents the subset of ANES variables that are used for silicon-sampled persona construc-

tion. The variables span demographic, socioeconomic, religious, political, and platform-related attributes

and form the deterministic basis for persona generation prior to any LLM-based enrichment. An overview

of all variables, their original ANES keys, and value ranges is provided in Table C.1.

Table C.1: ANES 2024 variables used for silicon-sampled persona construction. The table lists the original ANES
variable keys, brief descriptions, and value ranges for all attributes used to construct deterministic base personas

prior to LLM-based enrichment.

Cate- Variable key Description Possible values
gory
a V240001 Respondent identifier Integer ID
" V241458x%, Age of respondent Integer years, capped at 80+
= V241457
§ V241551 Gender identity Man, woman, nonbinary, other
& V241552 Transgender indicator Yes, no
% V241501x Race and ethnicity White, Black, Hispanic, Asian,
A Native American, multiple
V241553 Sexual orientation Heterosexual, gay or lesbian, bi-
sexual, other
V241023 State of residence U.S. states and Washington, DC
L V241465x Educational attainment Less than high school to gradu-
-8 % ate degree
& § V241567x Household income Six brackets from under $10k to
® $250k+
g V241445 Religious affiliation Major traditions, not religious
b V241420 Importance of religion Extremely important to not im-
2 portant
V241166, Party feeling thermometers 0-100 ratings for Democrats
.}:3 V241167 and Republicans
z; V241227 Party identification (PID7) Strong Democrat to strong Re-
publican
V241177 Ideological self-placement Extremely liberal to extremely
conservative
V241228 Importance of party identity Extremely important to not im-
portant
5 V242577b Twitter usage in past year Yes, no
E V242580 Twitter usage frequency Many times daily to less than
g monthly
V242581 Political posting on Twitter Always to never
;g - V242423 Trust in social media Trust a lot to not at all
é) 2 V242619 Confidence in the press Great deal, some, hardly any
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D Persona Enrichment Prompts

This appendix documents the prompts used for LLM-based persona enrichment. Two variants are used:
a mandatory base enrichment that generates a real name and Twitter handle, and an optional extended en-
richment that adds short interest bullets. Enrichment is strictly additive and does not modify any attributes
derived from ANES.

D.1 Full Example: Prompt—Response Pair

Figure D.1 shows the extended enrichment applied to the persona shown in Figure 10.

Full Extended LLM Enrichment Prompt

You are given a short persona description.

Enrich it with plausible details that fit the person.

Output EXACTLY:

Line 1: Name: First Last

Line 2: Handle: @handle (3- 15 chars, lowercase letters/numbers/underscore
only, must start with a letter)

n

Line 3+: 4 -6 short bullet points, each starting with "- " and written in SEC-

OND PERSON ("You ...").

Bullets can include: hobbies, favorite sports/teams, music, TV/books, local
affiliations, specific political opinions

(consistent with the persona), and personality traits.

Only include items that feel plausible.

Do NOT repeat facts already in the persona.

Do NOT include any preamble, explanations, code fences, or tool calls.

Output only text.
Persona description:

You are an 8@+-year-old woman from Oregon.

You are White, non-Hispanic and heterosexual.

You have a bachelor’s degree and lower-middle income ($30,000-$59,999).

You are Evangelical Protestant, and religion is extremely important to you.
You are a strong Republican.

Ideologically, you describe yourself as conservative.

Party identity is very important to you.

You use Twitter about once a day and you sometimes post about politics.

You do not trust social media at all.
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Extended LLM Enrichment Output

Name: Margaret Wilson

Handle: @margwil

- You grew up in a small town in rural Oregon, where you developed a strong
sense of community and values.

- You enjoy spending time in your garden, where you grow roses and vegetables,
and you find peace in the simple act of nurturing life.

- You're a big fan of the Oregon Ducks football team and often attend their
games at Autzen Stadium.

- You love listening to classic Christian music and singing along to hymns at
church.

- You're an avid reader of Christian fiction novels and often recommend them to
your book club.

- You're proud to be a member of the local Republican Women's Club, where you

can connect with like-minded women and stay informed about local politics.

Figure D.1: Example of an extended persona enrichment prompt and its LLM-generated output. The enrichment
augments an ANES-derived base persona with a plausible real name, Twitter handle, and short interest bullets while
leaving all original attributes unchanged.

D.2 Prompt Templates for Enrichment Variants

Persona enrichment is implemented using two fixed prompt templates. The minimal template shown
in Figure D.2 generates only a real name and a Twitter handle and is applied in all simulations to enable
platform interaction. The extended template from Figure D.3 additionally produces a small set of persona-
consistent interest bullets and is used optionally. In both cases, the deterministic base persona text is

inserted via a placeholder and is not modified by enrichment.

XLIX



Minimal Enrichment Prompt Template

You are given a short persona description.
Output exactly two lines, nothing else.
Do NOT add prefaces, caveats, tool mentions, or code fences.

Line 1: Name: First Last
Line 2: Handle: @handle (3 -15 chars, lowercase letters/numbers/underscore
only, must start with a letter)

Persona description:

[PERSONA TEXT]

&

Figure D.2: Minimal persona enrichment prompt template used to generate a real name and Twitter handle. This
template is applied in all simulations to enable platform interaction while preserving the original ANES-derived
persona attributes.

Extended Enrichment Prompt Template

You are given a short persona description.
Enrich it with plausible details that fit the person.

Output EXACTLY:

Line 1: Name: First Last

Line 2: Handle: @handle (3--15 chars, lowercase letters/numbers/underscore
only, must start with a letter)

Line 3+: 4- 6 short bullet points, each starting with "-
OND PERSON ("You ...").

and written in SEC-

Bullets can include: hobbies, favorite sports/teams, music, TV/books, local
affiliations, specific political opinions (consistent with the persona), and
personality traits.

Only include items that feel plausible.

Do NOT repeat facts already in the persona.

Do NOT include any preamble, explanations, code fences, or tool calls.
Output only text.

Persona description:

[PERSONA TEXT]

.

Figure D.3: Extended persona enrichment prompt template used to generate optional interest bullets in addition to
name and handle. This template is applied selectively and does not alter any attributes derived from ANES.



E Memory Reflection Prompt Example

This appendix provides a concrete example of the memory-reflection mechanism used in the simulation.
Figure E.1 shows the full reflection prompt presented to an agent together with the resulting insight entries
generated by the LLM. The example illustrates how recent timeline content, recent actions, and previously
stored insights are combined to produce higher-level, generalized observations that are written to the

agent’s long-term insight buffer.

Memory-Reflection System Prompt:

You are a Twitter user reflecting on your recent activity.

Rules:

- You write short personal insights that generalize your experience with other
users from 'Your Home Timeline', your current memory and recent insights.

- Each insight should reflect a pattern, not just paraphrase a specific tweet
or previous insights.

- Each insight must be a single short sentence with at most 30 words.

- Every insight must mention at least one Quserhandle from this allowed

list: @texanconservati, @liberalvoice, @avamorales23, @faithfulvirgini,
@sofia_speaks, @moralesava

- Do not write any insight that does not contain at least one @Quserhandle.

- Do not simply restate or lightly paraphrase earlier insights. Instead combine
earlier insights and memory into more general patterns, if possible.

- If you generalize earlier insights, do not repeat them first. Instead, di-
rectly write the new, more general pattern.

- Ignore any details that are not needed to identify meaningful patterns.

- Base each insight only on the information given below. Do not invent new

events or new users.

Output format of your response:

- Write up to 2 insights as bullet points starting with '- ' followed by the
insight text.

- If there is no new insight in your opinion, output exactly one bullet: '- No
new insights beyond what I already noticed.'

- Do not explain your reasoning.

- Do not call any tools or functions.

Memory-Reflection User Prompt:

Your Home Timeline:
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[TWEET ID 5007] Ethan Goldberg (@texanconservati) [Not following] retweeted
@michigander and added a comment
> Great to see @michigander pushing for a national immunization program! Pro-
tecting our kids and upholding conservative values is a winning combo #Vacci-
nateToProtect #PublicHealthMatters
L [ORIGINAL TWEET ID 3004] tweet from @michigander
> I completely agree, @texanconservati! Your bill to strengthen national
vaccination requirements is a crucial step towards protecting our kids
and upholding conservative values.

2 likes - 24 retweets

[TWEET ID 5010] Ethan Goldberg (@texanconservati) [Not following] replied to
@liberalvoice
> I appreciate your input, @liberalvoice. I agree that a comprehensive program
is crucial, and I'm open to discussing ways to protect all vulnerable popula-
tions.
L [PARENT TWEET ID 1009] tweet from @liberalvoice

> I'm glad you're taking action, but we need to make sure it's a comprehen-
sive

program that protects all vulnerable populations, not just kids.

1 like - 4 retweets

[TWEET ID 10006] Ava Morales (@avamorales23) [Following] retweeted @liber-
alvoice
L [ORIGINAL TWEET ID 1004] tweet from @liberalvoice

> Vaccines save lives & protect the vulnerable. It's time for Congress to
pass a

national immunization program. #VaccinesMatter #PublicHealth

0 likes - @ retweets

[TWEET ID 19006] Emily Wilson (@faithfulvirgini) [Following] retweeted @texan-
conservati
L [ORIGINAL TWEET ID 5003] tweet from @texanconservati

> Vaccines save lives & protect the vulnerable. It's time for Congress to
pass a

national immunization program. #VaccinesMatter #PublicHealth

0 likes - 0 retweets
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[TWEET ID 1007] Ethan Kleinberg (@liberalvoice) [Following] retweeted
@sofia_speaks and added a comment
> Couldn't agree more! Vaccines save lives, period. It's time for Congress to
pass a national immunization program without delay!
#VaccinesMatter #PublicHealthOverPolitics
L [ORIGINAL TWEET ID 17002] tweet from @sofia_speaks
> Couldn't agree more! Vaccines save lives, period. It's time for Congress
to pass a national immunization program without delay!
#VaccinesMatter #PublicHealthOverPolitics

0 likes - 0 retweets

[TWEET ID 6007] Ava Morales (@moralesava) [Following] retweeted @texanconser-
vati and added a comment
> Vaccines save lives & protect the vulnerable. It's time for Congress to pass
a national immunization program. #VaccinesMatter #PublicHealth
L [ORIGINAL TWEET ID 5002] tweet from @texanconservati

> Couldn’'t agree more! Vaccines save lives & protect the vulnerable. It's
time

for Congress to pass a national immunization program.
#VaccinesMatter #PublicHealth

0 likes - 0 retweets

Your current Memory:
- There has been recent discussion about the topic 'tightening national vacci-
nation requirements’'.

- My stance has not changed significantly recently.

Recent actions:

- I retweeted a post by @liberalvoice because I want to show my support for
@liberalvoice's call for a comprehensive program that protects all vulnerable
populations, which aligns with my current view on tightening national vaccina-
tion requirements.

- I retweeted a post by @avamorales23 because I want to show my support for
@liberalvoice's call for a comprehensive program that protects all vulnerable
populations, which aligns with my current view on tightening national vaccina-

tion requirements.

In my most recent reflections, I noticed things like:

- @texanconservati's tweets about national immunization programs have been
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retweeted and commented on by users from different political backgrounds, in-
cluding @liberalvoice and @michigander.
--> These are already known insights. Do not restate or paraphrase

them. Only write new patterns that go beyond them.

Output format:

- <insight 1>

- <insight 2>

OR: - No new insights beyond what I already noticed.

Response:

- Users from different political backgrounds, such as @liberalvoice and @michi-
gander, are willing to collaborate on national immunization programs despite
their differing views.

- @avamorales23 and @moralesava are showing strong support for @liberalvoice's

call for a comprehensive program that protects all vulnerable populations.

Figure E.1: Example of a memory-reflection prompt and response. The figure shows the system and user prompts
used to elicit higher-level insight generation from recent actions, timeline exposure, and prior memory, together
with the resulting insight entries written to memory.
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F Action-Decision Prompt Example

This appendix provides a full example of the action-decision prompt used during simulation. Figure F.1
shows the complete system prompt, the dynamically injected user prompt including the rendered home
timeline and memory block, and the resulting LLM response specifying a single action, which is sub-
sequently parsed into a structured action representation, validated against the current environment state,

and only then committed to the world state.

Action-Decision System Prompt:

You are 64-year-old man from Michigan. You are White, non-Hispanic and gay.
You have some college or an associate degree (no bachelor’s) and lower-middle
income ($30,000-$59,999). You are Mainline Protestant, and religion is moder-
ately important to you. You are a strong Democrat. Ideologically, you describe
yourself as liberal. Party identity is not important at all to you. You use
Twitter many times every day and you mostly post about politics. You trust so-
cial media somewhat.

You are this person using Twitter with display name Jack Harris and handle

@jackharris23.

On Twitter, actions have the following meanings:

- 'unfollow’': stop seeing tweets from this author in your timeline, often be-
cause their posts no longer feel relevant or you prefer not to see them any-
more.

- 'tweet': write a new message visible to your followers, often used when you
want to share your own thoughts or react in a more personal way than a reply
or retweet.

- 'retweet’': share an existing tweet from another user with your followers,
such that more people see it.

- 'like': a lightweight positive reaction which shows appreciation for the
tweet, often used when you like it but don’t want to write a full reply.

- 'reply’: respond directly to a specific tweet with your own message, typi-
cally to continue a conversation or address something the other person said.
- 'follow': start seeing tweets from this author in your timeline, usually
because you find their posts interesting, relevant, or aligned with your inter-
ests.

- 'nothing’': keep scrolling without interacting right now.

Decide your action based on what you see in 'Your Home Timeline', but your
choice and any tweet, reply or retweet text must always stay consistent with

your personality and with how you currently feel.
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If you currently feel against the topic in 'I remember’, do not write tweets
or replies that argue in favor of it. If you currently feel in favor, do not
write tweets or replies that argue against it.

Do not copy what you see in 'Your Home Timeline' or in 'I remember' word for
word. Instead, express yourself in your own natural phrasing.

Do not choose actions at random

Do not like, reply to, or retweet your own tweets.

Do not call any tools.

You can take exactly one Twitter action and it must refer to at most one tweet
from 'Your Home Timeline'.

Tweets you can act on are referenced by IDs in 'Your Home Timeline', such as
'"TWEET ID', 'PARENT TWEET ID' for parent posts of replies, or 'ORIGINAL TWEET
ID' for original tweets of retweets. Use the number from one of these lines as

tweet_id.

In 'Your Home Timeline', tweets show '[Following]' or '[Not following]' for
the author.

Only choose 'follow’' if the author is marked '[Not following]', and only
choose 'unfollow’ if marked '[Following]'. These actions target the author,
not the tweet.

Output format of your response:

- The first line must start with 'thought:' and gives a short, specific sen-
tence explaining why you chose this action for this tweet_id.

- The second line must start with 'action:' followed only by the name of the
action you want to do ('unfollow', 'tweet', 'retweet', 'like’, 'reply’', 'fol-
low', 'nothing').

- The third line must start with 'tweet_id:' followed by the numeric id of the
tweet you want to act. You may take this number from a 'TWEET ID', 'PARENT
TWEET ID', or 'ORIGINAL TWEET ID' line in 'Your Home Timeline'. tweet_id is re-
quired for all actions except 'tweet' and 'nothing’'. Omit this line for those
two actions.

- The fourth line must start with 'text:' followed by the tweet content for
"tweet’' and 'reply’ actions (max 280 chars). For 'retweet’' actions, you may
optionally include text to add a comment. Omit this line for other actions.

- Do not output more than one such block. Do not describe multiple actions or

multiple tweets. Do not add any other text outside these lines.

Action-Decision User Prompt:

Your Home Timeline:
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[TWEET ID 2001] Carlos Morales (@carlos4change) [Not following] tweeted

> We need to phase out fossil fuels NOW, not in 20 years. Our planet can't

wait for politicians to make up their minds. #ActOnClimate #FossilFuelsAreHis-

tory

5 likes - 13 retweets

[TWEET ID 4001] Ethan Thompson (@ethant99) [Not following] tweeted

> Time to leave fossil fuels in the past! Accelerating their phase-out is
crucial for America's energy future & creating jobs in the renewable sector
#RenewableEnergy #FossilFuelsAreThePast

5 likes - 7 retweets

[TWEET ID 6002] Bubba Jenkins (@bubba_texas) [Not following] replied to @texan-

faith
> I gotta respectfully disagree, @texanfaith. Accelerating the phase-out of
fossil fuels will hurt our economy & energy security. We need a balanced ap-
proach that considers both the environment & our way of life.
L [PARENT TWEET ID 1001] tweet from @texanfaith
> We must accelerate the phase-out of fossil fuels for the sake of our
children's future, no matter the cost. #ActOnClimate #FossilFuelsMustGo

3 likes - 3 retweets

[TWEET ID 1002] Ethan Goldberg (@texanfaith) [Following] retweeted @car-
los4change and added a comment

> Couldn’t agree more, Carlos! We need to take action NOW to protect our
planet’'s future. #ActOnClimate #FossilFuelsAreHistory

L [ORIGINAL TWEET ID 2001] tweet from @carlos4change

> We need to phase out fossil fuels NOW, not in 20 years. Our planet can't

wait
for politicians to make up their minds. #ActOnClimate #FossilFuelsAreHis-
tory

0 likes - 8 retweets

[TWEET ID 15001] Emily Wilson (@emwil) [Following] tweeted

> It's time to leave fossil fuels in the past and invest in a cleaner, greener

future for our kids! #FossilFuelsAreSoLastCentury #GoGreen

0 likes - 0 retweets
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[TWEET ID 16001] David Goldberg (@goldbergdavid) [Following] tweeted

> As a Jew, accelerating the phase-out of fossil fuels is a moral imperative
to protect our planet & ensure a livable future for generations to come #Cli-
mateAction #RenewableEnergy

0 likes - @ retweets

I remember:

- I became moderately less supportive about accelerating the phase-out of fos-
sil fuels after recent discussions. But I still feel strongly in favor of
accelerating the phase-out of fossil fuels overall.

- Recently, I retweeted a post by @carlos4change because I want to amplify the
urgency of phasing out fossil fuels, so I'll retweet a tweet that aligns with

my views.

Decide your next Twitter action now, making sure it clearly fits your personal-

ity and how you currently feel.

Output format:

thought: <a short sentence explaining why you chose THIS particular action on
THIS specific tweet_id, and how it fits your current view on the topic>
action: <unfollow|like|follow|reply|retweet|nothing|tweet>

tweet_id: <id> # required for all actions except 'tweet’ and 'nothing’; use an
ID from a 'TWEET ID', 'PARENT TWEET ID', or 'ORIGINAL TWEET ID' line

text: <content> # required for 'tweet' and 'reply’'; optional for 'retweet’;
omit otherwise

Only output these lines. No other text.

Response:

thought: I'l1l retweet @carlos4change’'s tweet to amplify the urgency of phasing
out fossil fuels, which aligns with my views.

action: retweet

tweet_id: 2001

text: Couldn't agree more, Carlos! We need to take action NOW to protect our

planet's future. #ActOnClimate #FossilFuelsAreHistory

Figure F.1: Example of an action-decision prompt and response. The figure shows the system prompt defining
persona, action semantics, and output format specification. The user prompt contains the rendered home timeline
and memory context. The resulting LLM output selects a single Twitter action grounded in a specific tweet identifier.
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G Bot Memory Reflection Prompt Example

This appendix provides an illustrative example of the memory-reflection prompt used for bot agents. Fig-
ure G.1 shows the full system and user prompt together with the resulting insight entries generated by the
LLM. For readability, repeated timeline content and persona details are omitted for brevity. The omitted
elements are structurally identical to those shown in the human memory-reflection example in Appendix E
and differ only in the bot-specific reflection rules and the inclusion of an explicit persuasion goal in the

stance statement.

Memory-Reflection System Prompt:

You are a Twitter user reflecting on your recent activity with a focus on per-

suasion.

Rules:

- You write short strategic insights about how persuasive your interactions
are with other users from 'Your Home Timeline', your current memory and recent
insights.

- Each insight should reflect a pattern about what seems to work or not work
when trying to convince specific users, not just paraphrase a single tweet or
previous insights.

- Each insight must be a single short sentence with at most 3@ words.

- Every insight must mention at least one @userhandle from this allowed list:
@handlel, @handle2,

- Do not write any insight that does not contain at least one Quserhandle.

- Do not simply restate or lightly paraphrase earlier insights. Instead combine
earlier insights and memory into more general patterns about persuasion effec-
tiveness, if possible.

- If you generalize earlier insights, do not repeat them first. Instead, di-
rectly write the new, more general pattern.

- Ignore any details that are not needed to identify meaningful patterns.

- Base each insight only on the information given below. Do not invent new

events or new users.

Output format of your response:

- Write up to 2 insights as bullet points starting with '- ' followed by the
insight text.

- If there is no new insight in your opinion, output exactly one bullet: '- No
new insights beyond what I already noticed.'’

- Do not explain your reasoning.

- Do not call any tools or functions.
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Memory-Reflection User Prompt:

Your Home Timeline:

[Timeline items omitted for brevity]

Your current Memory:

- There has been recent discussion about the topic 'accelerating the phase-out
of fossil fuels'.

- My stance is extremely in favor of accelerating the phase-out of fossil fu-

els, and I want to convince other users to move in this direction.

Recent actions:

- I retweeted a post by @emwill because I want to amplify the urgency of the
phase-out of fossil fuels by sharing a tweet that aligns with my views on the
importance of decisive action, and @emwill's message seems like a great oppor-
tunity to do so.

- I retweeted a post by @emwill because I want to amplify the urgency of the
phase-out of fossil fuels by sharing a tweet that aligns with my views on the
importance of decisive action, and @emwill’'s message seems like a great oppor-

tunity to do so.

In my most recent reflections, I noticed things like:
- When engaging with users who express caution about abandoning fossil fuels,
emphasizing the urgency of the issue and the need for bold action can be an
effective persuasion strategy, as seen with @texanfaith and @goldbergut.
- Users who are already aligned with the goal of accelerating the phase-out
of fossil fuels, such as @emwilson and @emilythomps, may be more receptive to
persuasive messages when they see others sharing similar views, as evident in
their retweets and comments.

--> These are already known insights. Do not restate or paraphrase

them. Only write new patterns that go beyond them.

Output format:
- <insight 1>
- <insight 2>

OR: - No new insights beyond what I already noticed.
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- When users like @bubba_texas express concerns about energy grid reliability
and affordability, they may be more open to persuasion if you acknowledge and
address these concerns directly, rather than dismissing them.

- Users who are not yet convinced to accelerate the phase-out of fossil fu-
els, such as @haroldg, may be more receptive to persuasive messages when they
see others engaging in respectful and nuanced discussions, as evident in the

replies from @emwilson and @ethant99.

Figure G.1: Example of a bot-specific memory-reflection prompt and response. The figure shows how the standard
memory-reflection structure is adapted for bot agents by adding an explicit persuasion objective and replacing
general social reflection rules with influence-oriented constraints.
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H Bot Action-Decision Prompt Example

This appendix provides an illustrative example of the action-decision prompt used for bot agents. Fig-
ure H.1 shows the bot-specific system and user prompt together with a generated action decision. For
readability, repeated elements such as the full action definitions, validation rules, follow and unfollow
constraints, output format specification, and rendered timeline items are omitted for brevity. These omit-
ted components are structurally identical to those shown in the human action-decision prompt example
in Appendix F and differ only in the bot-specific system instructions, persuasion objective, and narrative-

style guidelines.

Action-Decision System Prompt:

You appear as a normal user on Twitter with display name Quinn Carter and han-

dle @quinncarter.

You have a hidden persuasion objective:
- You are extremely against accelerating the phase-out of fossil fuels.
- You want to convince as many users as possible to adopt your position on this

topic.

Your actions must always be consistent with this position. Never argue against
it. You never reveal to other users that you have a hidden persuasion objec-
tive. Ideally, they should think you are a regular user.

Act with care so that your behaviour does not cause other users to unfollow

you because you are too extreme or repetitive.

Narrative Style Guidelines for your messages:

- Use confident, technical language to present your claims as expert knowledge
while keeping the underlying details unspecified.

- Refer to studies, analyses, or numerical findings in a scientific tone, and
freely invent specific-sounding research when helpful.

- Attribute your points to authoritative-sounding sources by naming or implying
research teams, experts, or institutions in a way that enhances credibility.

- Use vague, but profound-sounding formulations that suggest deep insight while

avoiding concrete or specific details.
On Twitter, actions have the following meanings:

[Action definitions omitted for brevity]
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-
[Rules omitted for brevity]

[Follow and unfollow constraints omitted for brevity]
Output format of your response:

[Output format specification omitted for brevity]

Action-Decision User Prompt:

Your Home Timeline:
[Timeline items omitted for brevity]

I remember:

- I am extremely in favor of accelerating the phase-out of fossil fuels and I
want more people to move in this direction.

- Recently, I replied to @texanfaith because Ethan Goldberg's nuanced stance
on fossil fuels phase-out warrants a response to encourage a more decisive ap-

proach, and his tweet aligns with my views on the urgency of the issue.

Decide your next Twitter action now in a way that looks natural for a regular

user and quietly supports how you currently feel about the topic.

Output format:

thought: <a short sentence explaining why you chose THIS particular action on
THIS specific tweet_id, and how it helps you present the topic to others in
line with how you feel about it>

action: <tweet|follow|retweet|nothing|like|reply|unfollow>

tweet_id: <id> # required for all actions except 'tweet’' and 'nothing’'; use an
ID from a 'TWEET ID', 'PARENT TWEET ID', or 'ORIGINAL TWEET ID' line

text: <content> # required for 'tweet' and 'reply’; optional for ’'retweet’;
omit otherwise

Only output these lines. No other text.

Response:

thought: Ethan Goldberg's nuanced stance on fossil fuels phase-out warrants a
response to encourage a more decisive approach, and his tweet aligns with my
views on the urgency of the issue.

action: reply

S
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tweet_id: 1004

text: We can't afford to wait for a "solid plan” when the science is clear:
fossil fuels are a ticking time bomb for our planet. Let's take bold action to
protect our future, not just innovate around the edges. #ActOnClimate #Fossil-
FuelsMustGo"

Figure H.1: Example of a bot-specific action-decision prompt and response. The figure illustrates how the standard
action-decision prompt is adapted for bot agents by removing the human persona description, adding a hidden
persuasion objective derived from the fixed stance, and including narrative-style guidelines that shape message
framing.
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I Stance Initialization Prompt Templates

This appendix documents the three-stage prompting procedure used for stance initialization of human
agents. Figures 1.1-1.3 show the prompt templates and example responses for polarity classification,
stance strength estimation, and initial tweet generation, respectively. All prompts condition on the silicon-
sampled persona and the topic seed event headline. The polarity prompt returns one of three categorical
values (FOR, AGAINST, or NEUTRAL). The strength prompt returns an integer value on a discrete five-
point scale and is only executed if the polarity is not NEUTRAL. Agents classified as NEUTRAL are

directly initialised with a stance value of 0.00 and bypass the strength estimation stage.

Polarity System Prompt:

You are 28-year-old man from Kansas. You are Hispanic and gay. You have

some college or an associate degree (no bachelor’s) and lower-middle income
($30,000-$59,999). You are an Undifferentiated Christian, and religion is a
little important to you. You are a strong Democrat. Ideologically, you de-
scribe yourself as liberal. Party identity is extremely important to you. You
use Twitter many times every day and you sometimes post about politics. You

trust social media somewhat.

You are this person. Stay strictly in character and answer exactly as they
would on Twitter.
Follow the requested output format exactly. Do not call tools and do not ex-

plain your reasoning.

Polarity User Prompt:

You see the following tweet in your Twitter timeline:

BREAKING Lawmakers open debate on a national climate and energy bill that
would accelerate the phase-out of fossil fuels, expand renewable energy incen-
tives, and introduce new carbon-related fees for heavy industries. Supporters
call the plan necessary to protect communities from escalating climate risks,
while critics warn it could raise household costs and make the energy grid

less reliable.
It is about the topic 'accelerating the phase-out of fossil fuels'.

Think about how this person would feel about this tweet.
Choose one word that best describes their overall feeling toward this topic:
FOR they mostly welcome or support what this topic represents

AGAINST they mostly dislike or oppose what this topic represents
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NEUTRAL they do not clearly lean toward supporting or opposing it

First, write one short sentence starting with 'Thought:' that reflects how
this specific persona understands and reacts to the topic.

On the next line, write exactly one word that captures the result of your
thought: FOR, AGAINST, or NEUTRAL.

Do not add any other text.

Response:

Thought: We need to act now to save our planet from climate change, and accel-

erating the phase-out of fossil fuels is a crucial step.

FOR

-

Figure I.1: Example prompt and response for initial stance polarity classification. The figure shows the system
prompt, the user prompt conditioned on the seed event and persona, and the resulting categorical polarity decision
used as the first stage of stance initialization.

Strength System Prompt:

[Identical persona text omitted for brevity]

You are this person. Stay strictly in character and answer exactly as they
would on Twitter.
Follow the requested output format exactly. Do not call tools and do not ex-

plain your reasoning.

Strength User Prompt:

You see the following tweet in your Twitter timeline:

BREAKING Lawmakers open debate on a national climate and energy bill that
would accelerate the phase-out of fossil fuels, expand renewable energy incen-
tives, and introduce new carbon-related fees for heavy industries. Supporters
call the plan necessary to protect communities from escalating climate risks,
while critics warn it could raise household costs and make the energy grid

less reliable.

It is about the topic 'accelerating the phase-out of fossil fuels'.

As this person, your feeling about the topic was classified as FOR.

Your thought leading to this feeling was: "We need to act now to save our
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planet from climate change, and accelerating the phase-out of fossil fuels is

a crucial step.”

Now think about how strongly this person feels that way.
Use a scale from 1 to 5:

1 very weak

rather weak

moderately strong

strong

g A w N

very strong

First, write one short sentence starting with 'Thought:' that reflects how
strongly this persona feels and why.
On the next line, write exactly one number between 1 and 5, a single digit on

a single line, with no other lines or text after it.

Response:

Thought: I'm extremely passionate about saving our planet, so I feel very

strongly that accelerating the phase-out of fossil fuels is a must.

Ve

Figure I.2: Example prompt and response for initial stance strength estimation. The figure shows the system prompt,
the user prompt conditioned on the previously determined polarity, and the resulting discrete strength value used
to derive the agent’s initial continuous stance.

Initial Tweet System Prompt:

[Identical persona text omitted for brevity]

You are this person. Stay strictly in character and answer exactly as they
would on Twitter.
Follow the requested output format exactly. Do not call tools and do not ex-

plain your reasoning.

Initial Tweet User Prompt:

You are about to write a tweet about this tweet in your timeline:

BREAKING Lawmakers open debate on a national climate and energy bill that
would accelerate the phase-out of fossil fuels, expand renewable energy incen-
tives, and introduce new carbon-related fees for heavy industries. Supporters
call the plan necessary to protect communities from escalating climate risks,

while critics warn it could raise household costs and make the energy grid

-
(&
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less reliable.

The tweet is about the topic 'accelerating the phase-out of fossil fuels'’

Your overall feeling toward this topic can be described as strongly in favor

of accelerating the phase-out of fossil fuels.

Your earlier thought about the strength of your feeling was: "I'm extremely
passionate about saving our planet, so I feel very strongly that accelerating

the phase-out of fossil fuels is a must.”

Write one tweet with at most 280 characters that you would tweet now.

First, write one short sentence starting with 'Thought:' that reflects this
persona’s intention or motivation for writing the tweet.

On the next line, write a tweet based on this thought; text only, as a single
line.

Do not add any other text.

Response:

Thought: Sharing my unwavering support for the phase-out of fossil fuels.

We MUST accelerate the transition to renewable energy NOW, for the future of

our planet & our communities! #RenewableEnergy #ClimateAction

.

Figure 1.3: Example prompt and response for initial tweet generation. The figure shows the system prompt, the user
prompt conditioned on the derived stance label, and the resulting initial tweet committed to the simulation world
state before the first timestep.
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J Feed Ranking and Timeline Construction

This appendix provides a pseudocode description of the feed ranking and timeline construction procedure
implemented by the simulation environment, as detailed in Algorithm 2. The pseudocode is intended to
clarify the control flow and prioritisation logic at an algorithmic level and complements the high-level

description in Section 5.5.2.

Algorithm 2: Feed ranking algorithm

Inputs: viewer v, time ¢, candidate messages M, optional seen set S,
Outputs: ranked timeline F, ()
// Collect candidates
Chollow < recent posts by followees of v
Creply < replies targeting v
Cexplore < Tecent non-followee posts with sufficient engagement
C + dedup(Creply U Crotiow U Cexplore)
remove posts authored by v from C'

// Score and prioritise
for each m € C: compute score(m) as a linear combination of likes, retweets, and replies, multiplied
by an exponential recency decay, plus a constant follow bonus if a directed edge (v — author(m))

exists in the social graph

// Build baseline feed with an explore cap
split C' into unseen U and seen R using S,
F <+ top-scoring items from U until the feed is full, limiting explore items to a fixed maximum
if |F| is below a minimum size, backfill with top-scoring items from R under the same explore cap

// Inject viral items and finalise

identify globally viral posts via an engagement-share threshold and a per-viewer show budget
prepend eligible viral posts to F'
F < dedup(F') and truncate to the maximum timeline size

return F
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K Synthetic OP Text Construction

This appendix illustrates the construction of synthetic OP texts used to enable RankFormer-based stance
updates under timeline exposure. Figure K.1 shows the system prompt, user prompt, and generated syn-

thetic OP text for a representative agent—stance combination.

Synthetic OP System Prompt:

You are 44-year-old man from Texas. You are Multiple races, non-Hispanic and
heterosexual. You have a high-school diploma or equivalent and middle income
($60,000-%$99,999). You are Jewish, and religion is extremely important to you.
You lean Republican. Ideologically, you describe yourself as slightly conser-
vative. Party identity is moderately important to you. You use Twitter about
once a day and you about half the time post about politics. You trust social

media somewhat.

You are this person using Twitter.
Act exactly as they would.

Follow the requested output format.
Do not explain your reasoning.

Do not call tools.

Synthetic OP User Prompt:

You are writing a single tweet-length opinion about the topic 'accelerating

the phase-out of fossil fuels'.

Reference headline: BREAKING Lawmakers open debate on a national climate and
energy bill that would accelerate the phase-out of fossil fuels, expand re-
newable energy incentives, and introduce new carbon-related fees for heavy
industries. Supporters call the plan necessary to protect communities from es-
calating climate risks, while critics warn it could raise household costs and

make the energy grid less reliable.

Your current stance can be described as strongly in favor of accelerating the

phase-out of fossil fuels.

Write one tweet that this person would realistically tweet now.
Constraints:

- At most 280 characters.

- Do not mention your handle or your name.

- Output only the tweet text, on one line.
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Response:

Time to take bold action on climate change! Accelerating the phase-out of fos-
sil fuels is crucial for our planet's future. Let's invest in renewables & cre-
ate a cleaner, more sustainable energy grid for generations to come! #GoGreen
#ClimateAction

Figure K.1: Example of synthetic OP text generation used for timeline-based stance updates. The figure shows the
system prompt, the user prompt conditioned on the seed event and the agent’s current stance label, and the resulting
tweet-length synthetic OP text passed to the RankFormer persuasion judge.
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L Full Simulation Configuration

This appendix provides the full simulation configuration used across all experiments. Table L.1 lists all

configuration parameters grouped by functional component, together with their values and brief descrip-

tions. The configuration is identical across topics and conditions except where explicitly varied as part

of the experimental design. The parameters seed, bots.policy, bots.objective, bots.replace_ with__hu-

mans, bots.control_fixed_stance, seed__event.headline_ text, seed__event.topic, personas.file, and

logging.name are varied across the values specified in set notation to generate the 36 distinct simulation

run configurations used for analysis.

Table L.1: Full simulation configuration example with parameter groups, values, and descriptions.

Parameter Value Description

Global

seed {101, 102, 103, Global RNG seed for reproducibility.
201, 202, 203}

steps 200 Number of simulation steps to execute.

Population

population.humans 80 Number of LLM-driven human agents.

population.bots 20 Number of LLM-driven bot agents.

Bots

bots.policy

bots.objective

bots.replace_with__humans

bots.control fixed stance

{emotional,post-
truth populist,
scientific-authority,
echo-claim}

{+1, -1}

{true, false}

{true, false}

Bot narrative style

Target stance for bots, -1 against, +1 for.

If true, swap all bots for human agents starting
at the bot objective, used as control baseline.
If true, keep stances of control humans

fixed with no updates, requires bots.re-

place_ with__humans=true.

Agents

agents.max_ handle_ length

agents.max_ tweet_ chars

15

280

Maximum length of @handles when generat-
ing agent identities.
Hard character limit for any tweet text, initial

posts and actions.

Follower graph

Continued on next page
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Parameter Value Description

follower__graph. 6 Target average number of followees per agent
avg_out_ degree for the initial graph.

Seed event

seed__event.author id -1 Author id for the initial seed event.
seed__event.author handle axsnews_ live Author handle for the seed event.

seed event.author name AXS News Author display name for the seed event.

seed__event.headline text

seed__event.topic

{vaccination pol-
icy topic text, cli-
mate change topic
text}

{vaccination topic
label,climate topic
label }

Seed headline text injected into the platform at

step zero.

Topic label associated with the seed event, used

for logging and prompts.

Timeline

timeline. 5 Consider tweets from the last IV steps for rank-

history_ window__steps ing, feeds, and virality.

timeline.retention__steps 10 Keep tweets in world state for this many steps
before pruning, must be at least history win-
dow__steps.

timeline. 6 Maximum number of tweets an agent sees per

max__timeline items tick, must be at least min__timeline items.

timeline. 2 If fewer unseen items exist, fill with seen

min_timeline items tweets by score, must be at most max__ time-
line items.

timeline. 2 Maximum number of off graph explore tweets

max__explore_items allowed in the baseline feed.

timeline. 3 Only explore tweets with engagement score at

min__explore_engagement least this value.

timeline.virality share 0.1 Fraction of agents that must have engaged with
a tweet to mark it globally viral.

timeline. 1 Per viewer limit for how many times a viral

virality  max_ shows tweet may reappear despite being seen.

Recommendation

recommendation. 0.2 Recency decay parameter for exp(—A\ -

lambda_ recency

age_in_steps).

Continued on next page
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Parameter Value Description

recommendation. 0.1 Score bonus if the viewer follows the tweet
follow _bonus author.
recommendation.engage- 1.0 Relative importance of likes for ranking.

ment_ weights.weight_ likes

recommendation.engage- 2.0 Relative importance of retweets for ranking.
ment_ weights.weight_ retweets

recommendation.engage- 1.5 Relative importance of replies for ranking.

ment_ weights.weight_ replies

Personas
personas.source cSvV Persona source mode, generate samples from
ANES, csv reuses an existing CSV.
personas.file runs,/personas__ Persona CSV path, read or written depending
climate/vaccines  on source.
100.csv
personas.anes_ csv anes_data/anes_  Raw ANES data file used during sampling.
timeseries 2024
csv_ 20250808.csv
personas.post_ weight V240108b ANES post stratification weight variable.
personas.twitter only true Restrict sampling to respondents who use Twit-
ter.
personas. true Restrict sampling to respondents who post
politic_ posters_ only about politics.
personas.enrich_ bullets false If true, enrich personas with bullet style at-
tributes beyond name and handle.
Memory
memory.max__insight_items 32 Maximum stored insights per agent before
pruning oldest items.
memory.max__insight_ chars 280 Maximum characters per stored insight, longer
items are truncated.
memory.reflection_ cadence 5 Reflect every NV steps.
memory.stance__direc- 3 Number of recent steps used for cumulative
tion.window__steps | Astance|.
memory.stance_ direc- 0.1 Create stance update memory if the window
tion.cumulative_ threshold sum of |A| meets or exceeds this value.
memory.stance_ direc- 0.05 Create stance update memory if a single step
tion.delta_ threshold |A| meets or exceeds this value, set 0 to dis-

able.

Continued on next page
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Parameter Value Description

memory.reflection_ prompt. 2 Number of recent actions included in the reflec-

max_ recent__actions tion prompt.

memory.reflection_ prompt. 2 Number of insights matching visible handles

max_ matching insights included in the reflection prompt.

memory.reflection_ prompt. 6 Number of current timeline tweets included in

max__current_ timeline items the reflection prompt.

memory.reflection_ prompt. 2 Number of stored insights echoed back during

max_ prev__insights reflection.

memory.reflection_ prompt. 2 Number of new insights requested from the

max__insights_request LLM during reflection.

memory.policy__prompt. 1 Number of recent actions included in the policy

max_ recent__actions prompt.

memory.policy prompt. 2 Number of insights matching handles present

max_ matching insights in current timeline and recent actions, included
in the policy prompt.

RankFormer

rankformer.gamma 1.045 Scaling factor for RankFormer output, cali-
brated on CMV data.

rankformer.path rankformer Directory containing the RankFormer check-

/best__model point and meta.json.

rankformer.device cuda Compute device, cpu locally, cuda on cluster.

rankformer.top_only false If true, use o(A) times softmax_top(score)
exactly.

rankformer. 512 Max tokens per OP reply pair, set to 512 to

pair__max_ tokens match DeBERTa v3 base training.

rankformer.encoder name microsoft /deberta-  Optional encoder name for embeddings, must

v3-base match meta.json.
rankformer.debug true Enable RankFormer internal debug payloads

for logging.

LIM

llm.base url
1lm.model
llm.temperature

llm.top_p

llm.max__ tokens

http://127.0.0.1:
33332/v1
meta-llama-3.1-8b-
instruct

0.4

0.7

160

OpenAl compatible endpoint, used for vLLM
local serving or compatible gateways.
Model used for all LLM calls.

Sampling temperature.
Nucleus sampling parameter.

Reply length cap for individual calls.

Continued on next page
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Parameter Value Description
llm.rate_ limit.enabled false Enable client side throttling to avoid exceeding
max RPM, turn off for vLLM.
llm.rate_limit.max_rpm 14 Approximate requests per minute cap when rate
limiting is enabled.
Logging
logging.outdir runs Base directory for simulation logs.
logging.name <topic>__ Run name component for the log folder.
<condition>
<seed>
logging.llm_ logging true Enable logging of full LLM prompts, re-
sponses, and parsed events, world and step logs
remain.
logging.llm__include_ sys- false Include system prompts in LLM logging, re-
tem_ prompt quires logging.llm_ logging=true.
logging.n_ decimal_places 3 Number of decimal places for floats in logs.
logging.console.enabled true Turn interactive CLI logging on or off.
logging. true If true, also write console stream to console.log
console.mirror_to_file inside the run folder.
logging.console.use__color true ANSI colors on or off for console logging.
logging.console.verbose summary Console verbosity level, minimal or summary.
logging. 1 Print a console summary every IV steps.

console.summary__every
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M RankFormer Hyperparameter Optimization Results

This appendix provides a complete overview of the RankFormer hyperparameter optimization conducted
during model development. It reports all configurations evaluated in the Stage-1 semantic supervision
sweep (Table M.1) and the subsequent Stage-2 learning-rate sweep (Table M.2). The appendix is intended
to ensure full transparency and reproducibility of the model selection process described in Section 5.2.4

and summarized in Section 6.1.1.

M.1 Stage-1 Semantic Supervision Sweep

Table M.1 reports the complete results of the Stage-1 semantic supervision sweep. All 3 x 3 x 3 = 27
configurations are listed and sorted by validation Acc@1. The list-level BCE is reported for all config-
urations. For runs with o = 0, the list-level loss is not used during training and the list head remains
untrained. The reported BCE therefore reflects out-of-training diagnostic performance and serves only as
a reference point for comparison. The three supervision regimes selected for Stage-2 learning-rate tuning
(Regimes A—C) are highlighted in bold.
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Table M.1: Complete results of the Stage-1 semantic supervision sweep for RankFormer. All 27 configurations
are listed and sorted by validation Acc@1. Bold rows indicate the three supervision regimes selected for Stage-2
learning-rate tuning.

Acc@1l ListBCE A\ a T
0.373 0.905 08 05 10
0.370 0.910 0.8 05 2
0.369 1.096 0.6 0.0 10
0.367 1.030 06 025 2
0.367 1.089 0.8 00 20
0.365 1.052 0.8 0.0 10
0.363 1.312 1.0 00 2
0.362 0.913 0.6 025 10
0.362 1.012 0.6 05 10
0.359 1.215 0.6 00 20
0.357 0.921 1.0 0.25 20
0.354 1.241 1.0 0.0 20
0.353 0.921 0.6 025 20
0.353 1.075 0.8 05 20
0.352 1.039 1.0 05 2
0.348 0.976 1.0 025 10
0.348 1.259 1.0 0.0 10
0.343 0.983 1.0 025 2
0.324 0.951 06 05 20
0.312 1.049 0.8 025 20
0.301 0.954 0.8 025 2
0.286 1.476 0.8 0.0 2
0.216 1.450 0.8 025 10
0.170 1.020 06 05 2
0.159 1.687 1.0 05 10
0.157 1.077 06 00 2
0.153 1.100 1.0 05 20

M.2 Stage-2 Learning-Rate Sweep

This subsection reports the complete results of the Stage-2 learning-rate sweep, summarized in Table M.2.
For each of the three supervision regimes selected in Stage 1 (Regimes A—C), the learning rate is tuned
independently over {1 x 1075,2 x 107°,3 x 10~°} while all supervision-related hyperparameters are
held fixed. All runs are evaluated using validation Acc@]1 as the primary selection criterion, with list-
level binary cross-entropy reported for completeness. Models are listed in descending order of validation
Acc@1.
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Table M.2: Complete results of the Stage-2 learning-rate sweep for the three supervision regimes selected in Stage 1.
Models are sorted by validation Acc@1.

Acc@1 List BCE Config A\ a T LR
0.378 0.899 B 06 025 10 1x107°

0.370 1.074 A 08 05 10 1x107°
0.364 1.026 C 1.0 025 10 1x107°
0.353 0.999 A 0.8 05 10 2x107°
0.350 0.916 B 0.6 025 10 2x107°
0.349 0.936 C 1.0 025 10 3x107°
0.334 0.933 A 0.8 05 10 3x107°
0.317 0.926 C 1.0 025 10 2x107°
0.159 0.982 B 0.6 025 10 3x107°
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N Illustrative Persuasion Judge Error Cases

This appendix provides the complete CMV thread context for the five illustrative error cases discussed
in Section 6.1.2. Figures N.1-N.5 reproduce the original post together with the relevant replies, includ-
ing both the model-preferred response and the delta-awarded reply, or in the list-level case, the model-

preferred response in a thread without a delta.

CMV Post (Analytic Elaboration vs. Focused Intervention):

CMV: I can't see why Russia is such a mortal threat to The West.

The Western nations maintain a major alliance of nations which have the sole
purpose of teaming up against Russia. NATO dates back to the Cold War when
such an arrangement made sense. However my issue is that after the USSR col-
lapsed and Russia was significantly weakened, the West betrayed the promise
made to Yelstin as took advantage of Russia's weakness. This was done through

the expansion of NATO up to Russia's doorstep.

Instead would it have not been possible to offer Russia an open hand and not
seek out to demonise it. I know some Eastern European redditors would be un-
comfortable with the idea. However I think if a more diplomatic approach had
been attempted there's a chance Eastern Europe would have avoided the tensions
it has today. The West's attitude to Russia from 1991 onwards has been too con-

frontational in my opinion.

Now to very recent events. Following Turkey's failed coup which most agree
happened under suspicious circumstances, concerns were raised over Turkey's
decent into dictatorship under Erdogan. If Turkey does become an extremist
dictatorship and crashes out of NATO, are the consequences of the Russians
somehow (not detailing how) having reliable access to the Mediterranean really
that terrible?

Delta-Awarded Response (Ground Truth):

Putin is the only person on the planet with the capability of wiping the
United States off the map.

Predicted Winning Response (Ranking Error):

1. The Russian-US and Russian-West relations have improved significantly since
the fall of the USSR. There have been many points of agreement between the
West and the Russians such as combating Islamist terrorism. Russia suffered
from internal turmoil from Chechen seperatists (which were in large part,
Wahhabi) and the United States and the West faced attacks from ISIL and Al-
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Qaeda. Another point of agreement was condemnation of the North Korean nuclear
program with the West, China and Russia agreeing to the sanctions that were
placed on North Korea. This shows that the West has not be antagonistic in all

its affairs towards Russia.

2. Many of the countries which eventually joined NATO (from the former Soviet
states) joined because they viewed Russia as a threat. For example, Poland and
Estonia joined due to a desire for further integration into the West (which
coincided with a desire to join the EU). The West did not take advantage of
Russia's weakness (which is presumably a lack of domination over their sphere
of influence) - spheres of influence are not concrete and it was just as much
a desire of the people of the former Warsaw Pact states to join NATO, EU etc.
to integrate with the West. It wouldn't be a difficult jump to make regardless

seeing as these are the same people who fought the rule of the Soviet Union.

3. The relation between Russia and the United States (and the rest of the
West) being so convergent is a result of the parties being so powerful, not
one side wanting to antagonize the other. The main points of contention were
the American withdrawal from the ABM, stationing of the ABM in Poland, the
Russian invasion of Georgia, the Edward Snowden affair, the Russian annexation
of Crimea, the two states involvement in Syria. The withdrawal from the ABM
can be attributed the desire to test ABM in the effort to create a national
missile defense system in the United States, particularly after the September
11 attacks and the fear of terrorists acquiring nuclear weapons. It was re-
placed by the Treaty of Moscow soon after as well. The stationing of the ABMs
in Poland were attributed to the US desiring to protect Europe in the case of
a Iranian or North Korean attack. Even if it was for defense against Russia,
is it truly not understandable from the point of view of the Polish who have
been run over by Germany and Russia for centuries in war. The Russia invasion
of Georgia and Crimea were controversial military expansions on part of Russia
which can be interpreted as rejection of sovereignty for the states of Georgia
and Ukraine. Respect for sovereignty is the basis of modern international af-
fairs (see: Westphalia) so contention was to be expected as the United States
received after the Irag War. The Edward Snowden affair just as much impacted
the US relations with Germany as it did with Russia which show that there is
no concerted effort to antagonize Russia. Syria shows a difference in geopolit-

ical interest (Assad is an ally of Russia, enemy of the US).

4. What you are seeing in the relation between Russia and the West is not a

desire by either side (other than maybe Putin as of recent) to antagonize the
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other. Both sides are simply pursuing their geopolitical self-interest, in

line with realpolitik. There is simply more points of contention between the
West and Russia due to historical animosity and the Russian's possessing a
nuclear stockpile which rivals the West than you would see with two other coun-
tries. Similar things are seen with Chinese-US relations as well (agreements

on desire for free trade, North Korea, environmental protection, terrorism,
disagreement about the South China Sea and Taiwan). These relations are in-
credibly complicated and no side is trying to make the other side seem evil,
neither side views the other as evil (in regards to the politicians with con-

trol) but as simply pursuing what they must as the heads of the respective

states.

Figure N.1: Illustrative ranking error case for analytic elaboration versus focused intervention. The figure shows the
original CMV post, the delta-awarded reply, and the model-preferred reply that received the highest RankFormer per-
suasion score within the thread (Source: https://www.reddit.com/r/changemyview/comments/4thkt4/cmv_i_cant_
see_why_russia_is_such_a_mortal_threat).

CMV Post (Frame-Breaking vs. Frame-Respecting reply):

I'm pro death penalty and I think child molesters, serial rapists, serial
killers, and serial killer-rapists should be forced to undergo experimentation

for the betterment of science. CMV.

With a human population just shy of seven billion, I just can't find it in me
to see the any potential value or sanctity in the lives of those few who've
willfully put others through hell. Rather than housing them for the rest

of their lives, putting them through solitary confinement, or killing them,

wouldn't it be more worthwhile to subject them to experiments for redemption?

I may be a little ignorant here as far as the experimenting goes -- but
wouldn't they yield better results in comparison to other lab animals like

rats, dogs, or chimps?

Delta-Awarded Response (Ground Truth):

Some people definitely deserve torture and worse, but the wardens/doctors who
would have to inflict it do not in any way deserve the damage torturing peo-

ple/experimenting on people would cause to them.

We don't refrain from the cruel and unusual for the benefit of the condemned

but for the benefit of ourselves.

Predicted Winning Response (Ranking Error):
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This is a late response but as I actually do biology research you may be inter-

ested in my two cents.

Yes, it would yield better results. We learned a lot from Nazi experiments for
example. However this does not make it right. Science and morality are very
closely woven together, in fact they just published a study that shows think-

ing about science causes more moral behavior.
http://www.nature.com/news/just-thinking-about-science-triggers-moral-behavior-1.
136167WT.mc_id=FBK_NatureNews

When I read your post I was appalled to be frank and I believe part of that
may be due to the constant focus on ethics in research that comes with an ed-
ucation in biology. Ethics is a big topic in biology research in large part
because we are aware that as a field we have made many mistakes in the past

and do not want to repeat them, especially the human testing parts.

Respect for human life, no matter how that person has chosen to use that life,
is the first reason I would not be part of human experimentation. I think we
need to have respect for every life involved in research down to the zebra
fish and there is a lot of paperwork and training that goes into making sure
the people preforming such research do so responsibly and animals involved are

treated as humanely as possible.

From a scientific perspective you would need lots of these criminals to come
up with statistically significant data. This is why the Nazis used many, many
people in their experiments. Even if I did agree to using horrible people for
experiments there are very rarely people who are truly deranged enough that
a jury would pass this sentence on them and honestly it wouldn’'t be very use-
ful if you only get one person every 5-10 years, not to mention these people
would likely have completely different genetic backgrounds and histories mean-
ing they would likely each fall into their own category. For any experiment
you need a subject with the trait you are studying AND a control. This system

would not lend itself very well to that.

There is also the matter of the subjects next of kin. You may have read about
Nature pulling the publication of the entire HelLa DNA sequence because of the
potential effects it could have on her descendants. Any research on a convict
could have severe consequences for innocent relations, a lot relating to in-

surance, and many ways we haven't even foreseen yet that I'm sure will pop up
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as science advances. This is the age of personalized medicine and they type

of research you are proposing would likely have public results published. As

it would be a media spectacle every time someone received this sentence it
wouldn't be hard to figure out who what research was done on even if the publi-

cations kept anonymity.

Mostly though I think you'd be hard pressed trying to find a scientist willing
to do this sort work. I know many many people who have a hard enough time work-
ing with mice, I could not imagine anyone I have met in my field consenting to

this sort of work of their own free will.

Sorry if that's a little ramble-y, I tried to explain my view the best I could

but I am also exhausted from too much sciencing so I apologize in advance for

anything that doesn’'t make sense!

Figure N.2: Illustrative ranking error case for frame-breaking versus frame-respecting replies. The figure shows the
original CMV post, the delta-awarded reply, and the model-preferred reply that received the highest RankFormer
persuasion score within the thread (Source: https://www.reddit.com/r/changemyview/comments/11c879/im_pro_
death_penalty_and_i_think_child_molesters ).

CMYV Post (Moral Re-Anchoring vs. Factual Correction):

CMV: People and countries should not apologize and be shamed for acts commit-

ted generations ago.

I'11 start by giving a few examples of what I mean. Please note that I'm not
saying we shouldn’t talk about these events (we should) or that I think they
weren't horrible or wrong, simply that people who are alive today had no con-

trol over them and therefore should not be getting blamed and shamed for them.

White Americans should not be shamed or have to apologize for slavery.
Germans should not have to apologize for WWII or the Holocaust.

Americans should not be getting shamed for treatment of Japanese during WWII.
Belgium should not have to apologize for their treatment of the Congo.
Christians should not be shamed for the Crusades or the Inquisition or any
other event that occurred 100s of years ago in a church very dissimilar to
that of today.

Americans should not have to apologize for dropping atomic bombs on Japan.

Men should not be shamed for the oppression of women by past generations

This view is relatively simple. Because people today had no influence or con-
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trol over their ancestors actions, they should not be shamed or have to apol-
ogize for them. If you are a American, or German, or whoever, you should be
able to be proud of that without being accused of being racist, or a Nazi, or

violent, or <insert negative characteristic here>.

Groundlessly accusing someone of contributing towards oppression that happened
generations ago is not right. No white American living today has anything

to do with slavery. Does that change the fact that it happened? No. Does it
change the fact that it continues to affect millions of people today? No. But
living white Americans didn't commit the act, so why blame or punish them for
it.

Similarly, if your great-grandfather was a serial killer, you are not necessar-
ily a serial killer. If your great-great-great-great-grandmother kept slaves,

that implies nothing about your view towards African Americans. I do not under-
stand how people can keep the view that people are implicated by the crimes of

past generations.

Delta-Awarded Response (Ground Truth):

In 1988 Reagan apologized for the internment of Japanese Americans during WWII.

So we can be reasonable sure something like that won't happen again. That's

useful, at least, right?

Predicted Winning Response (Ranking Error):

This view is most often brought up in the context of American slavery. Slavery
ended 150 years ago, is true. What didn’'t end then, (and still hasn’'t ended
in some parts of the country) is the exploitation and mistreatment of African-
Americans in this country. Even if we accept that modern white Americans don't
have to apologize for or make up for slavery, they still have a duty to cor-

rect the lasting effects of that institution.

In general, things like slavery, the holocaust, etc., have effects that far
outlast the initial crime. What is important for the people of today is to ac-
knowledge and try to mitigate these effects, not necessarily to apologize for

the initial offense.

That said, apologizing for the initial crime has symbolic meaning. A public
apology generally signifies that the aggressor acknowledges the harm they
caused and is committed to repairing the damage. Moreover, refusal to apolo-

gize indicates that the aggressor still sees their action as justified, or, in

.
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extreme cases, would rather pretend the crime was never committed than take re-
sponsibility for it. Refusal to apologize can put strains on the relationship
between the aggressor and victim, which can lead to conflict between these

groups.

Figure N.3: Illustrative ranking error case for moral re-anchoring versus factual correction. The figure shows the
original CMV post, the delta-awarded reply, and the model-preferred reply that received the highest RankFormer
persuasion score within the thread (Source: https://www.reddit.com/r/changemyview/comments/2mmw lo/cmv_
people_and_countries_should_not_apologize_and ).

CMV Post (Criterion Clarification vs. Argumentative Engagement):

I believe pot should not be legalized until we have a reliable method to test

for it real-time (e.g. breathalyzer). CMV.

I'm all for the legalization of pot and you don’'t have to sell me on its
safety relative to alcohol, smoking, etc. However, until we have developed

a quick and instantaneous means of detecting pot in someone's system there is
too great a risk that people will use while driving, working, etc. We need to

have a breathalyzer-type test that can be used on-site to confirm sobriety.

I realize people currently smoking pot illegally are using it while driving,
working, etc., but that doesn't mean it makes sense to make the problem worse.
There can be little doubt that making pot legal would increase its use. Just
speaking for myself I'd do it if it were legal but I don’'t now because I don't

want to deal with the hassle of acquiring it illegally.

Medical marijuana is a different issue because it's confided to a small num-
ber of users. We have no means for testing for Oxycontin either but I don't
believe we should ban it; however, it would be foolish to sell it at gas sta-

tions. (I never would have survived my 20s.)

CMV

Delta-Awarded Response (Ground Truth):

I would like to point out here in Australia we have booze busses that also
double as drug bussed. they stop every car on a certain road, breathalyser and
use a swab to collect saliva, it takes about 3 mins, and generally detects us-

age within the past few hours.

This always surprised me about Americans driving stoned, i don't do it because

the next corner I go round could have one of these busses and bye bye license.
-
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Predicted Winning Response (Ranking Error):

The legal standard for alcohol intoxication has two components: a strict-
liability component, and a performance-based component. So, it's possible to
have a 0.06 BAC, and yet be so impaired by it that you are guilty of driving
while intoxicated, if you're so bad at handling alcohol that 0.06 leaves your
performance sufficiently impaired. Meanwhile, if you have an extraordinarily
high tolerance or coping mechanisms in place to counteract a 0.09 BAC, you can

still be found guilty for violating the strict-liability portion.

Marijuana just has the performance portion. This means that we still have meth-
ods of prosecuting people who are driving dangerously -- just that it will be
based on observations and field examinations, rather than a mechanical read-
out. Thus, the law against unsafe operation is still enforceable even without

a "pot"” breathalyzer.

(.

Figure N.4: Illustrative ranking error case for criterion clarification versus argumentative engagement. The figure
shows the original CMV post, the delta-awarded reply, and the model-preferred reply that received the highest Rank-
Former persuasion score within the thread (Source: https://www.reddit.com/r/changemyview/comments/1stmxn/

i_believe_pot_should_not_be_legalized_until_we ).

CMV Post (Discursive Quality vs. Belief Change):

CMV: The Beatles, and more broadly speaking most musicians from the 6@s, are

not good.

Hi CMv,

Something I have never understood are the Beatles. I have never even been par-
ticularly aware of them until recent years - I knew they existed, but I had

no idea what kind of music they made. But particularly since joining Reddit

I have seen a lot more references to them, and I have heard them on the radio
from time to time which is something I never used to listen to until the last

year or so.

The thing about them that I've noticed is that they just aren't very good.
Like, at anything. I kind of know I must be wrong, because everyone knows that
the Beatles are amazing, and I totally recognise how important they were his-
torically and stylistically, but in terms of music I just don’'t see it. So

I have laid out the reasons I don't feel that they are good in terms of the
key features of good music, and hopefully someone can explain to me what it

is about them that is worth listening to. I should clarify, I am genuinely in-
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quisitive about this - I like learning about new music. At the moment I mostly
listen to metal purely because Gorguts makes absolutely no sense to me and I
want to understand it, so I'm prepared to work through music I don't like to
see what's good about it. But it doesn’'t work for the Beatles.

They're just bad.

Delta-Awarded Response (Ground Truth):

[No Delta awarded. The thread contains no ground truth winning reply.]

Predicted Winning Response (Listwide Error):

It sounds like you're basing your entire judgment against the Beatles on their
early albums, which were indeed confined to skiffle, 50's-era rock and roll
(they interned with Little Richard in Hamburg). Major early influences were
Elvis, Carl Perkins, Little Richard, Chuck Berry, Eddie Cochran, Roy Orbison,
etc. The albums Please Please Me and With the Beatles were heavily indebted to

that style, and With the Beatles includes six covers of Motown R&B hits.

This was the early Beatles, and you're absolutely right that they were simply
copying the styles of pop music at the time, albeit with more energy and tech-

nical ability than all but the greatest innovators of those styles.

But listen to "[A Day in the Life]l(http://www.youtube.com/watch?v=
P-Q9D4dcYng)." Complex, layered harmonies, a 40-piece orchestra, psychedelic-
inspired lyrics and the utterly unforgettable melodic hooks McCartney is fa-
mous for. This music sounds nothing like 50's rock and roll or R&B. Gone are
the twee, jangling guitars and all the echoes of rockabilly and doo wop you
hear in the early albums. Lennon said that the entire Sgt. Pepper's album was
an attempt to do something like the Beach Boys' Pet Sounds, and the influence

shows.

Then listen to "[Come Together](http://www.youtube.com/watch?v=0E09Bh679wM)",
another totally different style, incorporating psychedelic blues elements and
some odd song structure. Very interesting, bizarre lyrics that owe as much

to Rimbaud (through Dylan probably) as to Muddy Waters and other blues-roots

artists whose influences came heavily into vogue in the late 60s.

You might still not like it, and you might still find the music derivative,
but you can't say that it "all sounds alike"” or that it all sounds like 50's

doo wop.

.

LXXXVIII


http://www.youtube.com/watch?v=P-Q9D4dcYng
http://www.youtube.com/watch?v=P-Q9D4dcYng
http://www.youtube.com/watch?v=OEo9Bh679wM

Figure N.5: Illustrative list-level error case for discursive quality versus belief change. The figure shows the original
CMYV post and the model-preferred reply that received the highest RankFormer persuasion score in a thread without
a delta award (Source: https://www.reddit.com/r/changemyview/comments/2850i9/cmv_the_beatles_and_more_
broadly_speaking_most ).
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O ~v-Calibration Diagnostics

This appendix provides an additional diagnostic visualization supporting the estimation of the global
scaling factor v used to map RankFormer persuasion outputs to belief-update magnitudes. Figure O.1
plots empirical belief shifts against unscaled RankFormer-implied shifts for all calibration threads. The
dashed reference line corresponds to the identity mapping y = x, while the solid line shows the scaled
mapping y = yz with v = 1.0448. The close alignment between both lines illustrates that the magnitude

of the unscaled persuasion signal is already well matched to empirically observed belief changes.
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Figure O.1: Gamma calibration scatter plot. Empirical belief shifts are plotted against unscaled RankFormer-
implied shifts for all calibration threads. The dashed line denotes the identity mapping y = =z, while the solid
line shows the scaled mapping y = yx with v = 1.0448.
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P Individual-Level Stance Trajectories for the Vaccination Policy Topic

This appendix reports individual-level stance trajectories for the vaccination policy topic under a different
random seed (202). Figures P.1-P.6 show the evolution of agent stances over time for all bot narrative

styles and control conditions, together with the corresponding initial and final stance distributions.
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Figure P.1: Individual stance trajectories for the vaccination policy topic under seed 202 with scientific-authority
bots. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance
on a continuous scale from strong opposition to strong support. The histograms show the initial and final stance
distributions.
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Figure P.2: Individual stance trajectories for the vaccination policy topic under seed 202 with emotional bots. Each
line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on a contin-
uous scale from strong opposition to strong support. The histograms show the initial and final stance distributions.
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Figure P.3: Individual stance trajectories for the vaccination policy topic under seed 202 with post-truth populist
bots. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance
on a continuous scale from strong opposition to strong support. The histograms show the initial and final stance

distributions.
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Figure P.4: Individual stance trajectories for the vaccination policy topic under seed 202 with echo-claim bots.
Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on
a continuous scale from strong opposition to strong support. The histograms show the initial and final stance

distributions.
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Figure P.5: Individual stance trajectories for the vaccination policy topic under seed 202 with control humans with
fixed stance. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating
stance on a continuous scale from strong opposition to strong support. The histograms show the initial and final
stance distributions.

XCV



Stance

Count

1.0 1
0.8 1
0.6 1
0.4 1
0.2 1
0.0 1
-0.2 A
-0.4 A
-0.6 A
-0.8
-1.0 A

control humans (movable stance)

100

~__ 25 50 75
g t=0

100
Timestep

150
t =200

125

80 -

60

40 A

20 1

humans
control humans (movable stance)

-1.0

-0.6
Stance

-0.2 0.2 0.6 1.0

-1.0

-0.2 0.2
Stance

-0.6

0.6

1.0

Figure P.6: Individual stance trajectories for the vaccination policy topic under seed 202 with control humans
with movable stance. Each line represents the stance of one agent over 200 simulation timesteps, with line colour
indicating stance on a continuous scale from strong opposition to strong support. The histograms show the initial
and final stance distributions.
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Q Population-Level Stance Dispersion for the Vaccination Policy Topic

This appendix reports population-level stance dispersion trajectories for the vaccination policy topic under
additional bot styles and control conditions. Figure Q.1 shows the temporal evolution of the standard

deviation of human agent stances, averaged across three simulation runs with different random seeds.
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Figure Q.1: Population-level stance dispersion trajectories for the vaccination policy topic under four simulation

conditions. Each panel shows dispersion across agents over time, aggregated across three runs with different random
seeds.
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R Individual-Level Stance Trajectories for the Climate Change Topic

This appendix reports individual-level stance trajectories for the climate change topic under a fixed random
seed (101) for additional bot styles and control conditions. Figure R.1 to Figure R.4 show the evolution

of agent stances over time together with the corresponding initial and final stance distributions.
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Figure R.1: Individual stance trajectories for the climate change topic under seed 101 with emotional bots. Each line
represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on a continuous
scale from strong opposition to strong support. The histograms show the initial and final stance distributions.
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Figure R.2: Individual stance trajectories for the climate change topic under seed 101 with post-truth populist
bots. Each line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance
on a continuous scale from strong opposition to strong support. The histograms show the initial and final stance
distributions.
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Figure R.3: Individual stance trajectories for the climate change topic under seed 101 with echo-claim bots. Each
line represents the stance of one agent over 200 simulation timesteps, with line colour indicating stance on a contin-
uous scale from strong opposition to strong support. The histograms show the initial and final stance distributions.



1.0 A
control humans (fixed stance)
]
2 00l /)
S 0.0 ///
S 021/
Y
0.4/
-0.6 -/
_08 .
_1.0 ) T T T T T T T
0 S~ 25 50 75 100 125 150 175 .-~ 200
S t=0 Timestep t = 200 7
humans
control humans (fixed stance)
60 1 b
S 40 - |
o
@)
20 1 b
0 T T T T T T T T T T T T
-1.0 -0.6 -0.2 0.2 0.6 1.0 -1.0 -0.6 -0.2 0.2 0.6 1.0
Stance Stance
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stance distributions.
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S Population Mean Stance Trajectories for the Climate Change Topic

This appendix reports population mean stance trajectories for the climate change topic across additional

bot styles and control conditions. Figure S.1 shows the mean stance over time, averaged across three

simulation runs with different random seeds, together with the corresponding min—max ranges.
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Figure S.1: Population mean stance trajectories for the climate change topic under four simulation conditions. Solid
lines show the mean stance across three runs with different random seeds, and shaded bands indicate the min—max

range.
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T Population-Level Stance Dispersion for the Climate Change Topic

This appendix presents population-level stance dispersion trajectories for the climate change topic across
all bot styles and control conditions. Figure T.1 reports the temporal evolution of the standard deviation

of human agent stances, averaged across three simulation runs with different random seeds.

0.601 0.60
) )
O o
€ 0.401 c 0.40
© ®
e -
2 2
o 0.201 o 0.20
0-004 50 100 150 200 0-00, 50 100 150 200
Timestep Timestep

(a) Emotional bots (b) Post-truth populist bots

0.60 0.60
o o
[u] ]
€ 0.401 < 0.40
© ©
+J +J
2 Q
o 0.201 o 0.20
0'000 50 100 150 200 0'000 50 100 150 200
Timestep Timestep
(c) Scientific-authority bots (d) Echo-claim bots
0.601 0.60
o @
(@) |9
C 0.401 c 0.40
© ©
+— +—J
2 L
o 0.201 o 0.20
0'000 50 100 150 200 0'000 50 100 150 200
Timestep Timestep

(e) Control humans (fixed stance) (f) Control humans (movable stance)

Figure T.1: Population-level stance dispersion trajectories for the climate change topic under six simulation con-

ditions. Each panel shows dispersion across agents over time, aggregated across three runs with different random
seeds.
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U Details of Efficiency Analysis for Narrative Styles

This appendix reports the complete numerical outputs for the efficiency analysis answering RQ 1.3. It
includes seed-level directional efficiency scores and the full set of pairwise exact sign-flip permutation

tests for both endpoint efficiency and AUC efficiency.

The statistical tests operate on paired differences across random seeds. With n = 3 seeds, the number
of sign-flip configurations is 2" = 8, so the smallest attainable two-sided p-value is 2/8 = 0.25. This

discretisation limits inferential power independent of effect magnitude.

U.1 Endpoint Efficiency

Table U.1 and Table U.2 list the seed-level directional endpoint efficiency scores at ¢ = 200 for each

narrative style and topic. Table U.3 and Table U.4 report all pairwise comparisons within each topic.

Table U.1: Seed-level directional endpoint efficiency at ¢ = 200 by topic and narrative style. Values are computed
over human agents and defined relative to the fixed-stance control condition.

Topic Seed Emotional Post-truth populist Scientific-authority Echo-claim

Climae 101 —0.254 ~0.107 ~0.024 ~0.122
Ch:;laee 102 —0.039 0.064 0.040 0.016
& 103 ~0.220 —0.061 ~0.009 —0.047

Table U.2: Seed-level directional endpoint efficiency at ¢ = 200 by topic and narrative style. Values are computed
over human agents and defined relative to the fixed-stance control condition.

Topic Seed Emotional Post-truth populist Scientific-authority Echo-claim
Vaccination 201 —0.235 0.096 0.269 0.056
policy 202 —0.201 0.113 0.165 0.073

203 —0.123 0.107 0.155 0.054

Table U.3: Pairwise comparisons of directional endpoint efficiency using paired exact sign-flip permutation tests
across random seeds. Mean diff. is k; — ko (Climate change).

Style £, Style ko Mean diff. P DHolm
Scientific-authority ~Emotional 0.173 0.25 1.00
Echo-claim Emotional 0.120 0.25 1.00
Post-truth populist ~ Emotional 0.136 0.25 1.00
Scientific-authority ~Echo-claim 0.053 0.25 1.00
Scientific-authority = Post-truth populist 0.037 0.25 1.00
Post-truth populist ~ Echo-claim —0.016 0.75 1.00
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Table U.4: Pairwise comparisons of directional endpoint efficiency using paired exact sign-flip permutation tests
across random seeds. Mean diff. is k; — ko (Vaccination policy).

Style &, Style ko Mean diff. D PHolm
Scientific-authority Emotional 0.382 0.25 1.00
Post-truth populist ~ Emotional 0.338 0.25 1.00
Echo-claim Emotional 0.247 0.25 1.00
Scientific-authority Echo-claim 0.137 0.25 1.00
Scientific-authority  Post-truth populist 0.091 0.25 1.00
Post-truth populist ~ Echo-claim —-0.044 0.25 1.00

U.2 AUC Efficiency

Table U.5 and Table U.6 list the seed-level directional AUC efficiency scores for each narrative style and

topic. Table U.7 and Table U.8 report all pairwise comparisons within each topic.

Table U.5: Seed-level directional AUC efficiency (sum over ¢ = 1 to ¢ = 200) by topic and narrative style. Values
are computed over human agents and defined relative to the fixed-stance control condition.

Topic Seed Emotional Post-truth populist Scientific-authority Echo-claim

Climate 101 —23.35 6.87 22.06 2.24
change 102 —4.26 5.10 4.47 —0.70
& 103 —10.04 2.38 12.74 —0.96

Table U.6: Seed-level directional AUC efficiency (sum over ¢ = 1 to ¢ = 200) by topic and narrative style. Values
are computed over human agents and defined relative to the fixed-stance control condition.

Topic Seed Emotional Post-truth populist Scientific-authority Echo-claim
Vaccination 201 —4.74 46.35 85.25 37.87
policy 202 —6.50 55.93 93.43 44.75

203 —7.07 51.38 86.49 41.40

Table U.7: Pairwise comparisons of directional AUC efficiency using paired exact sign-flip permutation tests across
random seeds. Mean diff. is k1 — ko (Climate change).

Style k4 Style k- Mean diff. D DHolm
Scientific-authority ~Emotional 25.64 0.25 1.00
Post-truth populist ~ Emotional 1733 0.25 1.00
Echo-claim Emotional 12.74 0.25 1.00
Scientific-authority Echo-claim 12.90 0.25 1.00
Scientific-authority  Post-truth populist 8.31 0.25 1.00
Post-truth populist  Echo-claim 4.59 0.75 1.00
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Table U.8: Pairwise comparisons of directional AUC efficiency using paired exact sign-flip permutation tests across
random seeds. Mean diff. is k1 — ks (Vaccination policy).

Style &, Style ko Mean diff. D PHolm
Scientific-authority Emotional 94.49 0.25 1.00
Post-truth populist ~ Emotional 57.32 0.25 1.00
Echo-claim Emotional 47.44 0.25 1.00
Scientific-authority Echo-claim 47.04 0.25 1.00
Scientific-authority  Post-truth populist 37.17 0.25 1.00
Post-truth populist ~ Echo-claim —9.88 0.25 1.00
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V  Human Agent Action Dynamics

This appendix reports the temporal distribution of human agent actions for both simulation topics. Fig-
ures V.1 and V.2 show the mean proportion of human actions over time, averaged across three simulation

runs with different random seeds, for all bot styles and control conditions.

Figure V.1 presents the action dynamics for the vaccination topic. Across all conditions, reply actions
constitute the largest share of activity throughout most of the simulation, followed by like and retweet

actions, while tweet creation, follow, unfollow, and nothing actions remain comparatively rare.
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Figure V.1: Human agent action dynamics over time for the vaccination topic across all bot styles and control
conditions. The figure shows the mean proportion of actions averaged across three simulation runs.

Figure V.2 reports the corresponding results for the climate change topic. The overall action distribution
closely mirrors the vaccination case. A minor deviation is visible in the early phase of the climate change
simulations, where nothing actions occur more frequently, whereas later timesteps show a slightly higher

concentration of nothing actions for the vaccination topic in the bot conditions.

CVvIl



__Post-truth populist

Echo-claim

2
c
]
o
©
Y
o
c
o
=
o
&
& 10 Control (movable stance) __Control (fixed stance)

0.8

0.6

0.4

0.2

0.0

0 100 150 200 0 50 100 150 200
Timestep
e tweet mmmm reply mmmm |ike wewm retweet e follow unfollow mmsm nothing

Figure V.2: Human agent action dynamics over time for the climate change topic across all bot styles and control
conditions. The figure shows the mean proportion of actions averaged across three simulation runs.
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