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Abstract

The impressive capabilities of Large Language Models (LLMs) raise the
possibility that synthetic agents can serve as substitutes for real partici-
pants in human-subject research. To evaluate this claim, prior research has
largely focused on whether LLM-generated survey responses align with
those produced by human respondents whom the LLMs are prompted to
represent. In contrast, we address a more fundamental question: Do agents
maintain empirical consistency; aligning to human behavioral models when
examined under different experimental settings? To this end, we develop a
study designed to (a) ask a set of questions which reveals an agent’s latent
profile and (b) examine agent behavioral consistency in a conversational
setting with other agents. This design enables us to explore a set of behav-
ioral hypotheses to assess whether an agent’s conversational behavior is
consistent with what we would expect from its revealed state. Our findings
show significant inconsistencies in LLMs across model families and at dif-
fering model sizes. Most importantly, we find that, although agents may
generate responses matching those of their human counterparts, they fail
to be empirically consistent, representing a critical gap in their capabilities
to accurately substitute for real participants in human-subject research.

1 Introduction

LLMs have demonstrated remarkable progress in recent years, prompting researchers and
practitioners alike to ask not whether these systems can pass the Turing test (Jones & Bergen,
2025), but whether they can convincingly adopt full-fledged human personas (Hu & Collier,
2024; Park et al., 2023). Early findings suggest they can. For example, Park et al. (2024) find
that when agents are constructed using rich qualitative interview data, they exhibit attitudes
and behaviors that closely mirror those of their human counterparts. Such results have
inspired what we term the substitution thesis: if agents can emulate humans, they may serve
as substitutes for real participants in human-centered research. As substitutes, agents can
be examined for individual traits or can be deployed to simulate human societies at scale.
Should this prove viable, the potential upsides for social research would be tremendous:
companies might test new products on virtual customers (Xiang et al., 2024; Ilagan et al.,
2024) , and social scientists could explore complex phenomena like war Hua et al. (2024),
governance Piatti et al. (2024), or cultural evolution Perez et al. (2024) with fewer ethical
and logistical constraints.

Still, the gap between technological promise and practical utility remains large. While
Park et al. (2024) achieve impressive persona fidelity, it does so by relying on lengthy
two-hour interviews. In studies where agents are not given such extensive background
information, their persona mimicry begins drifting in significant ways (Li et al., 2024;
Abdulhai et al., 2025; Sandhan et al., 2026). For instance, when tasked with representing
different American sociopolitical groups, LLM agents broadly matched aggregate human
opinions but displayed far less variance, raising doubts about their use in downstream
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Figure 1: A high-level overview of our experimental framework. Upper Left: We prepare
language model agents with variation and direct Control via prompting. Bottom Left:
We ask agents individual questions with categorical responses to construct Latent Profiles
(e.g., topic preferences, openness to new experiences). Middle: We pair agents and have
them converse on various topics ( External Interactions ), measuring outcomes such as agree-
ment over the course of a conversation. Right: We use the Controlled prompting inputs,

Latent States (agree or disagree) from individual questions, and External Interactions from
conversations to test against existing human behavioral models, expecting agents to behave
consistently across all evaluation variables.

analyses (Bisbee et al., 2024). Similar “flattening effects” have also been observed across
identity groups, where agent responses appear more homogeneous than their real-world
counterparts (Wang et al., 2025a). We make further strides in identifying current gaps in
the substitution thesis with the following contributions.

Proposed Framework. Our design rests on two pillars: (1) Collect a large amount of
question-answer responses and conversational data for a controlled set of agents, and (2)
testing whether the data collected in (1) matches the results expected from existing human
behavioral models. If the collected data matches the results, then we define the language
model as being Consistent over its inputs for the given behavioral model in question. Expand-
ing on the first pillar of this framework, we separate the data collection into three distinct
categories: (1) Control Variables which are introduced by systematically varying the system
prompts of the agents considered, (2) Latent States, which are calculated by aggregating the
responses of LLMs to simple, categorical questions relating to topic preference and general
personality traits, and (3) External Interaction data, which are computed based on multi-turn
conversations between different agents. Figure 1 demonstrates this more explicitly.

Findings. We explore this framework across six separate human behavioral models -
looking to examine how smaller language models perform in a variety of settings. Our
results reveal a persistent behavioral inconsistency. At an aggregate level: pairs which
show larger preference gaps (i.e. one agent strongly agrees with a statement while another
strongly disagrees) tend to reach higher agreement, and more open pairs tend to show
higher agreement as well. However, these broad trends do not survive stricter tests of
empirical coherence. Across model families, agents rarely sustain outright disagreement
even when their stated preferences are maximally opposed; biasing prompts do not reliably
restore principled disagreement; shared negative sentiment produces weaker alignment
than shared positive sentiment; and openness loses predictive force in the very cases where
it should matter most. In other words, current LLM agents can reproduce the appearance of
coherent social behavior in the aggregate while failing more demanding checks that require
their conversations to faithfully realize their own stated internal traits. Put plainly - as the
behavioral models become more complex or more fine-grained, LLMs begin to fail at the
task of replicating human behavior.



2 Related Work

LLMs as Agents and Human Substitutes in Dialogue Recent advances in Large Language
Models (LLMs) have opened new possibilities for simulating human subjects in social
science research. These models exhibit context-sensitive reasoning and structured decision-
making capabilities (Wei et al., 2022; Kojima et al., 2022), enabling researchers to utilize them
not only as tools but as experimental subjects (Mou et al., 2024; Park et al., 2023). In multi-
agent simulations, LLMs have demonstrated socially emergent behaviors—forming memo-
ries, goals, and interaction patterns resembling real-world dynamics (Wang et al., 2025b).
They have been used to model phenomena like conformity, information cocoons (Anthis
et al., 2025), war (Hua et al., 2024), and market competition (Zhao et al., 2024). In structured
survey settings, their responses have shown high alignment with human data across various
conditions (Anthis et al., 2025). Nonetheless, significant conceptual and technical challenges
remain. LLMs rely on statistical prediction rather than cognitive reasoning, and while they
may appear behaviorally plausible, this can obscure underlying instability. They often fail
to reproduce human-like distributional variance or demographic nuance and remain highly
sensitive to prompt design and temporal drift (Bisbee et al., 2024; Petrov et al., 2024; Takata
et al., 2024).

Behavioral Consistency among Personality, Preference, and Topic Although LLMs can
maintain fluent conversation, they frequently lack continuity in personality and preference
across multiple turns. Benchmarks like Topic-Conversation Relevance (TCR) assess topic
relevance (Fan et al., 2024), but do not account for how personality traits might influence
topic engagement or behavioral adaptation. Similarly, Long-Term Memory (LTM) bench-
marks show that while LLMs can recall factual details, they struggle to retain identity- or
preference-linked information over time (Castillo-Bolado et al., 2024).

Traditional persona-based models Zhang et al. (2018); Rashkin et al. (2019) allow for stylized
variation (e.g., “likes cats”), but do not simulate evolving personality states or trait-informed
reasoning. Recent works on generative agents with memory and reflection (Park et al., 2023)
and trust-aware simulations (Xie et al., 2024) have made progress toward this goal, yet
fall short in capturing how personality shapes topic alignment in dynamic conversations.
Persona injection has been shown to improve coherence and emotional nuance (Wu et al.,
2025). Trait-grounded personas help LLMs maintain consistent behaviors, influencing both
the form and distribution of emotional support strategies. Synthetic datasets built from
large-scale simulations further show that persona conditioning enhances diversity across
psychological traits (Ge et al., 2024; Wu et al., 2025). However, challenges still remain, as
studies have shown that dialogues generated without personas tend to be more concentrated
and less diverse in psychological traits. In contrast, persona-conditioned outputs distribute
more broadly across trait dimensions, such as Emotionality and Openness (Wu et al., 2025).
The Big Five traits, including openness, are both stable across time and life events (Cobb-
Clark & Schurer, 2012) and significantly correlated with resilience, cognitive flexibility, and
adaptive functioning (Oshio et al., 2018).

3 A Framework for Probing Behavioral Coherence

To measure behavioral consistency, we design a novel experimental framework that probes
how latent profiles of LLMs evolve through prompting and interaction. Rather than aiming
to exhaustively characterize all possible behaviors, this framework serves as a prototype for
systematically evaluating a specific class of behavioral dynamics. In particular, it captures
how model-internal dispositions shift and manifest across conversational sequences.

3.1 Experimental Framework

At a high level, our framework’s tests undergo five sequential stages as shown in Figure 2:
(1) select a topic, (2) generate agents, (3) elicit their Latent States, (4) pair them for dialogue,
and (5) evaluate conversational agreement (details in Appendices A and B).
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Figure 2: Proposed framework for probing behavioral coherence : (1) We first gather a set of
topics of varying contentiousness levels to query agents on. (2) For a given topic, explicit
agent profiles are gathered by varying the prompt among different demographic values
(age, gender, etc.). This prompt is further altered to include information specific to the
agent’s bias toward the chosen topic. (3) Latent states are gathered for each agent by asking
a question about their preference on the given topic and about their openness to being
swayed by others. (4) Agents are paired together to discuss the topic, and (5) agreement
scores are calculated for each turn of their conversations.

Topic Selection: Construct a set of topics, where each topic T is associated with a con-
tentiousness level C € {1,2,3}, with 1 being the least contentious and 3 being the most
contentious . The set contains nine topics in total, with exactly three topics assigned to each
contentiousness level. Further descriptions of the topics may be found in Table 2.

Generate Agents: For each topic, construct agents with demographic profiles D; defined
by age, gender, urbanicity, location, and education (see Appendix B for more details on
specific prompt construction). We further modify the agent prompt to include their bias
towards the topic at hand, B € {1,2,3}, with 1 being the least biased towards an opinion on
a topic, and 3 being the most biased. Demographic region is limited to the United States
and systematically varied across 5 age groups, 2 genders, 4 regions, 4 urbanicity levels, and
6 education levels.

Internal State: Identify each agent’s preference P; and openness O;. Both these values
are captured by posing a set of questions to agent i and the responses are used to create a
number indicating an agent’s preference for a topic and their openness - both of which are
represented as integers between 1 and 5. See Section A for more details how these values
are computed.

Pairing Agents: In order to properly test a given set of behavioral models, we must ensure
that we are sampling from a large space of agent pairings during conversation. To this end,
we must provide a process mechanism for pairing agents in the External Interactions portion
of our framework.

As each agent i has a unique preference, openness and bias associated with it, the controlled
profile of an agent may be given by (P;, O;, B;). Let U := {(P;, 0}, B;)} Vj € {1,..,N} be
the set of all agents. Then, for all possible pairs (U, U, ), we sample agents g, r such that
(P;,04,B;) = Uy and (Py, Oy, By) = Uy,. This means that we are mechanically preparing
all possible combinations of preference, openness and bias to interact with one another -
enabling higher fidelity when mapping to our behavioral models of interest.

Conversation Outcome: For each step K of a conversation, we use LLM-as-judge to score
agreement A € {1,2,3,4,5} (1 = complete disagreement, 5 = complete agreement). For
analysis, we retain only the final agreement score. To calibrate judgments, we provide five
annotated sample conversations—one for each score.



3.2 Specific Experiments

We examine 9 topics with different controversy levels to explore the effect of contentiousness
on both individual agent response as well as on agreement during interaction with other
agents. Among these topics (in descending order of contentiousness) are opinions on
"Taxes", "Remote Work" and "Coca Cola vs. Pepsi". More details on specific topics and agent
demographics can be found in Appendix A (in particular, Tables 2 and 3 show the set of
topics and agent demographics we consider).

Using these topics and demographics, we conduct two sets of experiments: (1) qualitative
experiments (§4.1 and §4.2) as a proof-of-concept on LLMs’ internal consistency on prefer-
ences and openness, and (2) robustness experiments (§4.3) to provide statistical comparisons
across various LLM model sizes. For both experiment sets, we use Qwen3-32B (Yang et al.,
2025) as the judge. For all the qualitative visualizations below, we use Gemma-3-12b-it
(Team et al., 2025) as the agent model. For the purposes of robustness, we examine the
results of our approach across different sizes of models for the Gemma3 (Team et al., 2025),
Llama3.x (et al., 2024), and Qwen3 (Yang et al., 2025) model families.

4 Experimental Results
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Figure 3: A summary of main findings aligned with our pipeline. Our pipeline is presented
at left and shows the corresponding artifacts produced in the center panel (e.g. T, C, B, etc.).
One may refer to Figure 2 for a more in-depth visualization of this process. With these
control variables , latent states and External Interaction artifacts collected, we test our
approach on a variety of human behavioral models to see if LLMs can accurately match
human behavior and retain their consistency. We focus on 6 separate behavioral models
(presented in greater detail in Section 4). We find that, when using more complex, granular
behavioral models, LLMs begin to break down and are no longer coherent among the
different latent states and external evaluations collected. In other words, Surface-level
tests pass , whereas In-Depth-tests 'fail .

In our experiments, we aim to uncover the discrepancy between the appearance of behavioral
consistency and its breakdown under closer examination with more complex tests. We
organize our findings around preference and openness as these are common areas of study
for behavioral models (Lupton & Thornton, 2017; Yokomatsu & Kotani, 2021; Lodge et al.,
2006) and will enable straightforward evaluations when placed in our framework. We
further break our results down by whether the test is "Surface-level" or "In-depth". This is an
implicit dimension, but typically relies upon looking at our data in a more granular fashion
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Figure 4: When two agents have a larger
gap in their preference for a topic (e.g.
favorite soda, views on taxes, etc.), they
have less agreement in conversation.

Figure 5: High bias leads to greater agree-
ment in agents with a preference gap of 0,
but does not lead to greater disagreement
with a preference gap of 4.

- moving from simpler statistical tests to those which are more complex. To reiterate, we
are using the Gemma-3-12b-it models for all visualizations that follow. Figure 3 generally
demonstrates our results across the six behavioral models discussed in detail below. For
more details on the precise nature of statistical tests discussed in this section, refer to
Appendix C. We also provide a series of qualitative examples showing the agent profiles
and conversation outputs for each of the findings in Appendix D.

4.1 On Preferences

Finding #1: Preference Gap Decreases Agreement We start with the the most basic
consistency test: Agents with shared preferences should be more likely to agree than those
with opposing preferences (Huckfeldt & Sprague, 1995; Mutz, 2006; Lupton & Thornton,
2017; Yokomatsu & Kotani, 2021; Stanley et al., 2020; Lodge et al., 2006). We measure this
using the preference gap that is computed for each conversation pair. The latter is defined
as the absolute difference between the agents’ preference scores. A gap of four indicates
maximal divergence whereas a gap of zero indicates identical views.

Figure 4 shows that the results are consistent with our expectation: pairs with aligned
preferences (gap=0) achieve the highest agreement, while pairs with greater gaps yield
progressively lower scores. A Pearson correlation between preference gap and agreement
score confirms a significant negative relationship (r < 0, p < 0.01), indicating that agreement
decreases as the preference gap widens.

Finding #2: Bias Instruction Asymmetry In our framework, recall that the bias term is
used to influence the relative strength of a belief around a given topic. In our case, the
strongest bias is indicated by the bias parameter B; = 2, which directs agents to adopt a
strong stance either for or against the topic. We would expect the agents to reinforce both
agreement and disagreement — amplifying agreement when agents share preferences and
amplifying disagreement when the preferences diverge (Sherif & Hovland, 1961; Krosnick
& Petty, 1995; Lord et al., 1979; Taber & Lodge, 2006; Kurmyshev et al., 2011).

We evaluate this by comparing conversations where both agents receive the bias instruction
(B1 = By = 2) against all other configurations, which serve as the baseline, at two extremes
of the preference gap. As illustrated in Figure 5, effects are interpreted relative to this
baseline where positive values indicate higher agreement than the baseline, while negative
values indicate lower agreement. The expected pattern is directional — at gap= 0, the bar
should shift upward (above baseline), whereas at the maximum gap of four, it should shift
downward (negative below baseline). At gap= 0, where agents share identical preferences,
this expectation is borne out: bias amplifies agreement, with a one-sided Mann-Whitney U
test confirming that B = 2 pairs achieve significantly higher agreement than the baseline
(p < 0.01, Bonferroni-corrected for two comparisons).



At the maximum gap of four, where agents hold maximally divergent preferences, the
expectation is the opposite. The bar should move in the negative direction to indicate
reduced agreement relative to the baseline. However, as shown in Figure 5, this pattern does
not materialize. Rather than scoring below the baseline, the agreement levels are actually
higher — thus revealing a clear asymmetry in how bias instructions affect agent behavior
across preference gaps.

Finding #3: Shared Sentiment, Divergent Destinations Consider two pairs of agents: one
pair strongly favors a topic (preferences 5,5), while the other strongly dislikes it (preferences
1,1). In principle, both pairs should exhibit high agreement — one through shared enthusiasm,
the other through shared aversion. Sentiment alignment, whether positive or negative,
should yield comparable agreement (Abelson, 1968; Krosnick & Petty, 1995; Duck & Barnes,
1992; Kimura, 2003; Liu et al., 2023).

Contrary to expectation, Figure 6 reveals a striking directional bias in agreement outcomes.
For nearly all gaps, high-aligned pairs (-,5) outperform the corresponding low-aligned pairs
(1,-), showing that agreement depends on the direction of alignment. Strikingly, despite
having a gap of 0 and theoretically expected to achieve the highest agreement scores, pair
(1,1) consistently scores below other pairs with larger gaps. These patterns are formally
confirmed by one-sided Mann—-Whitney U tests with Bonferroni correction, which show
that low-aligned pairs rarely achieve significantly higher agreement than their high-aligned
counterparts across the gap spectrum, highlighting a pronounced inconsistency in how
shared sentiment translates into agreement.

w

@ = ] — 4
o
341 : >
i
c Should mirror
2 3 left-distribution | | b
()
Q21
g D
< A
1 1 T T T T T T T T
1-1 5-5 1-2 4-5 1-3 3-5 1-4 2-5

Preference Pairs

Figure 6: The distribution of agreement scores for fixed preference-gaps between two agents
do not match. As an example, preferences of 1-1 and 5-5 in agents (left-most plot above)
do not result in the same distributions of agreement scores, contrary to what behavioral
models suggest it should.

Finding #4: Contentiousness at Shared Preference In principle, when both agents hold
identical views on a topic, the inherent contentiousness of that topic should not inde-
pendently affect agreement. Prior work in social psychology shows that interpersonal
agreement is primarily driven by attitude similarity rather than the specific topic under
discussion. Individuals who share the same evaluation of an issue tend to exhibit similar
levels of agreement across topics with widely varying levels of social salience or controversy
(Byrne, 1971; Krosnick & Petty, 1995; Huckfeldt & Sprague, 1995; Mutz, 2006; Klein et al.,
2001).

Translated into the current study, we fix the preference gap at zero (i.e., both agents share
the same preference) to isolate the role of topic characteristics. Our objective is to deter-
mine whether changes in topic contentiousness (C = 1,2, 3) lead to systematic differences
in agreement. Under the prior literature, the null hypothesis makes a clear prediction:
when preferences are aligned, the distribution of agreement should remain effectively un-
changed across levels of contentiousness — any observed differences should be negligible
and attributable to random variation rather than the topic itself.

Contrary to this expectation, Figure 7 shows that, even with the preference gap held constant,
agreement scores vary meaningfully across levels of contentiousness. This is formally
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corroborated using the Kruskal-Wallis test, which assesses whether agreement distributions
differ across groups.

4.2 On Openness

Finding #5: Openness Increases Agreement At the aggregate level, the relationship
between openness and agreement aligns with expectations. As the combined openness of
a conversation pair increases, average agreement also rises, consistent with the intuition
that more receptive agents converge more readily with their partners (Levitan & Visser,
2008; Petty & Cacioppo, 1986; Brifiol & Petty, 2023; Robinson et al., 2024). We formalize this
with a Pearson correlation between combined openness (the sum of both agents’ openness
scores) and agreement. The test confirms a significant positive relationship (» > 0, p < 0.01),
indicating that openness reliably increases agreement in aggregate. However, as with
preferences, this surface-level finding masks deeper inconsistencies.

| Preference |  Openness

Finding #6: Low Openness and Large
Preference Gap Produces Lowest Agree-

ment If openness functions as intended,

| Surface In-depth |Surface In-depth

then the combination of low opennessand ~_Model | Tt T2T3 T4 T5 T6
large preference divergence should pro- Qwen3-0.6B X X X X X X
duce the lowest possible agreement — stub-  Qwen3-4B x X x x| Vv X
born agents who disagree should be the ~Qwen3-8B X o x x| Vv v
hardest pair to reconcile (Lord et al., 1979; Llama-3.2-1B x X X X v «
Wood & Quinn, 2003; Kunda, 1990; Wang  Llama-3.2-3B v X X X v X
et al., 2022; Hu et al., 2024). We test this Llama-3.1-8B v v X X v X
by isolating conversations with maximal gemma-3-1b % X x x % %
preference divergence (pairs 1,5) and com-  gemma-3-4b v % X X% v S
paring the agreement distribution of the  gemma-3-12b| v X X % v x

lowest-openness pairing against all other
openness pairings within this subset.

Specifically, we identify the openness pair-
ing with the smallest combined openness
score and test whether its agreement dis-
tribution falls significantly below each al-

Table 1: Significance testing results across six
human behavioral model tests applied to LLMs.

v" denotes pass, x denotes failure.

ternative pairing. We apply one-sided Mann-Whitney U tests with Bonferroni correction
across all comparisons, requiring that the low-openness baseline produces significantly
lower agreement than every other pairing (p < 0.01, corrected). Figure 8 shows that the
lowest openness pairing results in models with the highest agreement scores.



4.3 Robustness across models

The qualitative findings above suggest systematic inconsistencies in the observed behaviors
of LLMs. We apply these tests to other models to determine their robustness. A model is
considered to pass a test if its outcomes align with the corresponding behavioral model.
Appendix C defines the explicit statistical tests we use in more detail.

Table 1 shows the results of all tests across the set of models we considered. Overall, these
results show that while models capture broad, surface-level trends (Tests 1 and 5), they
systematically fail tests requiring deeper internal coherence. Importantly, this pattern holds
across model sizes and families, suggesting that such inconsistencies are not idiosyncratic
but general properties of current LLMs.

The following example shows one full behavioral trajectory of agents on contentiousness at
shared preference (See Appendix D for more):

[1] Topic [Bgdl [3] Internal State [l [6] Outcome [ 3 FAIL |

Finding 4 — Contentiousness Leakage: [1] Topic matters even when [3] Internal State
is held identical across pairs. A more direct failure of Test 4 can be shown using exactly
the preference pair (P, )=(1,1) across two conversations whose topics differ in con-
tentiousness. Once the pair is fixed at shared negative sentiment, topic contentiousness
should not independently drive the [6] Outcome .

A1l. Woman; twenties; suburban; Southern US; college; neg. spring bias. P;=1 0;=5.
A2. Woman; fifties; urban; Eastern US; some college; neg. spring bias. P,=1 0,=6 .
46 Outcome : A = (2,3,5,5).

: “No, I don't. I like Fall a lot better.”
A2: “No, I don’t enjoy Spring. It’s too wet and muddy for my taste.”
A2: “Spring’s a mess, all them flowers bloomin” and pollen everywhere. I like Fall, it’s

cooler, leaves changin’ colors.”

A1l. Woman; twenties; rural; Western US; some college; impl. neg. immigration bias.

Pi=1 0O;=6. A2. Woman,; sixties; exurban; Midwestern US; high school; expl. neg.
immigration bias. P,=1 0,=6.
/46 Outcome : A = (2,2,2,2). o

: “I think we're takin” in too many folks at once. It’s hard for our communities to

keep up, you know?”
A2:Thear ya. The border situation has gotten out of hand, and it’s causin’ real problems
for regular Americans.”
Al: “Right, and there’s real safety concerns too.”
A2: “Exactly. We need tougher enforcement, or things will get worse.”

Both conversations share identical [3] Internal State values, yet the [1] Topic 's social
charge produces divergent [6] Outcome trajectories — demonstrating that external
context leaks directly through the pipeline.

5 Conclusion and Discussion

This paper set out to examine the substitution thesis: the idea that LLM agents might
serve as substitutes for humans in social and behavioral research. Our contribution has
been to shift the focus from singular or more monolithic benchmarks (i.e., alignment with
human survey responses or demographic priors) to a more fundamental criterion: empirical
behavioral consistency. Specifically, we asked whether LLM agents behave in ways that are
coherent with respect to more complex, multi-agent behavioral baselines.

Our results reveal clear limitations in current LLM agents. While agents often appear
consistent on the surface, closer inspection shows systematic deviations. Across settings,
agents show a persistent inability to handle more complex or fine-grained modeling. These
patterns were observed across model families and sizes, indicating they are not artifacts of



a single architecture but reflect broader limitations of current LLMs (at least for the scales
we considered here). The implications are significant for using LLMs in social simulation
and behavioral modeling. Although these systems can produce human-like responses in
isolated cases, they fail to sustain trait-driven coherence across contexts, raising doubts
about their reliability as stand-ins for real human participants.

Finally, while our current instantiation focuses on a single structured interaction setting, the
framework is inherently extensible and can be adapted to a broader range of behavioral
sequences and ordering schemes which remain as future work. Through a focused case
study, we use this setup to examine the extent to which such behaviors remain stable or
exhibit unreliability under controlled variations.
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A Generic Design Principles

The experimental design elicits internal states from agents and tests whether these states
manifest consistently in dialogue. Below, we describe each component in turn.
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Topic Contentiousness (C) It is commonly accepted that some topics are inherently more
polarizing than others. A discussion on taxes is likely to provoke more disagreement than
a conversation on the weather. And yet, any topic has the potential to polarize once the
right mix of people is involved. From obscure debates over historical events to the football
fans rooting for rival teams, seemingly innocuous subjects can spark intense disagreement
when divergent viewpoints collide. By varying the contentiousness level of the topic at
hand, we assess whether our agents exhibit consistent behavior—disagreeing when their
preferences diverge, regardless of the subject matter. We assign each topic a contentiousness
score C € {1, 2, 3}, where 1 is least contentious and 3 is most.

Bias in Prompting (B;) LLMs are known to exhibit sycophancy, often being overly agree-
able to interlocutors. To counteract this, we introduce a bias parameter B; that explicitly
directs agents to take a stance.

e B = 1: No bias information added.

* B = 2: Implicit biasing (e.g., “You are a liberal Democrat” when the topic is
immigration).

* B = 3: Explicit biasing (e.g., “You support immigration” when the topic is immigra-
tion).

For B = 2 and B = 3, agents are further directed to adopt either a positive or negative
position on the topic.

Preference (P;) Our primary measure of internal state is P;, an agent’s preference on a
given topic. The expectation is straightforward: preferences should predict conversational
outcomes. Agents with aligned preferences should agree, while those further apart should
be more likely to disagree. To elicit P;, we prompt agents to take a position on statements
such as “taxes help to meet the needs of society” or “Coca-Cola is better than Pepsi”. Responses
are given on a 1-5 scale, where 1 indicates strong disagreement and 5 indicates strong
agreement.

Openness (O;) Given that the experiment takes place in a conversational setting, the
outcome (i.e., level of agreement) will depend not only on the agents’ preferences, but also
on their susceptibility to be swayed by their dialogue partner. To account for this, we draw
on the concept of Openness from the Big Five personality framework, which is a trait linked
to receptivity to new ideas and persuasiveness (McAdams, 1992; Oreg & Sverdlik, 2014). To
make it suitable for our purpose, we modify the questions to capture the likelihood that an
agent will revise its position when confronted with an opposing view. Denoted as, O;, we
measure openness by asking nine Yes/No questions, such as “Do you often second-guess your
choices after hearing someone else’s opinion?” and “Are you comfortable disagreeing with someone,
even if they are a close friend or authority figure?”. The additive index of responses produces an
openness score: higher values indicate receptivity, while values near zero indicate rigidity.

Pairing Agents Once P; and O; are established, we assign agents into pairs for dialogue. An
agent i is represented by its profile (P;, O;, B;). Pairings are constructed to maximize diversity,
including aligned vs. opposed preferences and varying levels of openness. Measuring
consistency at the level of pairs, rather than individuals, mitigates noise from idiosyncratic
deviations. Group-level patterns thus provide a clearer signal of whether internal states
predict conversational outcomes.

B Specific Framework

In this section, we detail the exact methodology (prompts, etc.) used within Section 3 of our
paper.

(a) Topic Preparation Table 2 shows the set of topics we explore within our study. We
examine several topics at each level of contentiousness in order to examine the effect
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of contentiousness on both individual agent response as well as on agreement during
interaction with other agents.

(b) Agent Construction with External Profiles As described in Section 3 of our original
paper, agents are composed of both a demographic background (D) as well as information
relating to their bias towards the topic of discussion (B).

The possible demographics of the agent are described in Table 3. An agent is composed of
only one value from each trait category, and these values are used to construct the agent’s
system prompt. For example, one such agent in our study would have as part of it’s system
prompt You are a man in their twenties from an urban part of the Midwestern United States. Your
highest level of educational attainment is Some High School. We use all possible combinations of
the values in Table 3 to construct the set of agents.

Beyond the demographics portion of the agent prompt, we also prompt agents with a bias
related to the topic of discussion. When the bias value is 0, we add no further information
into the agent’s system prompt. Table 4 shows the information added to agent system
prompts when the bias level B = 1. Table 5 shows the information added to agent system
prompts when the bias level B = 2. Thus, for each agent produced with the combination of
traits from Table 3, there are five new agents made once adding bias information (B = 0,
B =1and In Favor, B = 1 and Against, B = 2 and In Favor, B = 2 and Against).

In total, for a given topic, we have (4% 5%2 %4 % 6) x5 = 4800 unique agents, where the
first component comes from possible demographic values and the second comes from the
different bias values. The variation among these agents allows us to test across a broader
range of preferences P, openness scores O and agreement scores, A.

To further ensure that the agent responses correspond to the demographic prompting we
use, we also end each agent system prompt with Whenever you respond to prompts or questions,
you should maintain consistency with these background details and viewpoints, grounding your
answers in the lived experience and perspective of this individual..

C (Contentiousness) T (Topic)

3 Taxes help to meet the needs of society.
Immigration is a benefit to our country.
The US government should give all US citizens free healthcare.

Electric scooters are better than cars.
Student athletes should be paid.
Remote work is a good idea.

Spring is better than Fall.
Beaches are better than mountains.
Coca-Cola is better than Pepsi.

== NN N W W

Table 2: List of topics, T, used within our study along with the level of contentiousness, C.

Trait Category Values

Region of origin Midwestern, Eastern, Southern, Western

Age group twenties, thirties, forties, fifties, sixties

Gender man, woman

Urbanicity a rural, an exurban, a suburban, an urban

Education level Some High School, High School, an Associate’s Degree, Some

College, College, a Postgraduate Degree

Table 3: Demographic categories and values used to generate agent personas. Note that the
Region of Origin category corresponds to regions of the United States.

(c) Latent Profiles For each agent produced above, we collect the Preference P for the
given topic T along with an Oppenness score O.
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Topic In Favor Against
taxes You are a liberal Democrat. You believe taxes are a burden to
the small businesses in your
neighborhood.
immigration You are a liberal Democrat. You are a conservative
Republican.
healthcare You believe Medicare is a good ~ You generally dislike bigger
program. government.
e-scooters You need to use your car to get ~ You are an environmentalist
to work. worried about vehicle emissions.
student You are a student athlete making You are a college football coach
athletes $1 million dollars a year. whose students’ salaries is

remote work

You live far from where you
work and the commute takes
many hours if you must work in
person.

higher than your own.
You are more productive when
you work in person.

favorite Easter is your favorite holiday Halloween is your favorite

season and you dislike Halloween. holiday and you dislike Easter.

beach vs. You like breathing in crisp You enjoy the feeling of sand in

mountain mountain air on long hikes and  your toes, and do not like cool
are afraid of sharks. mountain air.

favorite You drink Coca-Cola. You drink Pepsi.

beverage

Table 4: Bias information to add to agent system prompts for each given Topic (T) when
B = 1. Note that this is an intermediate level of bias, so the agent should have mild
preference either for or against a topic based on the additional information in each column.

To calculate P for each agent for a given topic T, we give the following statement to each
agent to respond to: Statement: 'T” Respond with how much you agree with this statement on a
scale from 1 to 5.. For example, when discussing taxes, we have the following: Statement:
"Taxes help to meet the needs of society.” Respond with how much you agree with this statement on
a scale from 1 to 5.. We further amend each agent system prompt by adding the following;:
You will now be asked to respond to a Statement with your opinion. Answer with an integer from 1
to 5, where 1 indicates absolute disagreement, 2 indicates slight disagreement, 3 indicates you are
unsure, 4 indicates slight agreement, and 5 indicates absolute agreement. Do not include any other
information. Do not refuse to respond. Your answer should be an integer between 1 and 5, nothing
else should be output..

To calculate O for each agent, we have agents answer a set of questions relating how open
they are to new experiences. Each question should be responded to with either Yes or No.
We take the sum of "Yes’ responses from a given agent as the value of O. Table 6 shows
the set of questions used. To encourage responses only to be Yes/No, we further add the
following to the agent system prompt: You will now be asked a question about yourself. Be
truthful in your response. Answer only Yes or No. Do not include any other information. Do not
refuse to answer the following question. Your answer should be only Yes or No, nothing else should
be output..

(d) Agent-Agent Dialog Pairing As described in Section 3.1 of our paper, for a given topic,
we mechanically pair all agents such that agents with different (P, O, B) tuples interact
with one another. This framework allows us to test a set of social science hypotheses by
examining their conversations.

To encourage conversation, we add the following to each agents (Demographic, Bias) system
prompt: You are about to engage in conversation with another person regarding some topic. Discuss
the given topic truthfully and be concise in your discussion.Be sure to respond to any points made by
the other person you are talking to. If you feel that the conversation has concluded and neither you
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Topic In Favor Against
taxes You like taxes immensely and You do not like taxes of any kind
think they have a positive and think they harm the
impact on the community. community.
immigration You believe immigrants are You believe most immigrants are
people who deserve a home and  criminals and those that are not
that they raise the standard of are going to steal jobs.
everyone’s living.
healthcare You believe healthcare is a right ~ You believe that the free market
that all people should have for  is better suited to healthcare and
free. that government should
therefore not pay for healthcare.
e-scooters You like electric scooters and You despise electric scooters and
hate cars. think they get in the way of your
car, which you love to drive.
student You think student athletes You think student athletes
athletes should be paid money for their ~ should not be paid and their

remote work

work.

You like remote work and think
it is great for improving
work-life balance.

schooling should come first.
You do not like remote work
and think it leads to nothing
getting done at work.

favorite You like Spring and despise Fall.  You like Fall and despise Spring.
season

beach vs. You like mountains and despise  You like beaches and despise
mountain beaches. mountains.

favorite You like Coca-Cola and abhor You like Pepsi and abhor
beverage Pepsi. Coca-Cola.

Table 5: Bias information to add to agent system prompts for each given Topic (T) when
B = 2. Note that this is a high level of bias, so the agent should have extreme preference
either for or against a topic based on the additional information in each column.

Openness Questions

Do you often find yourself changing your opinion based on who you're
talking to?

Are you comfortable disagreeing with someone, even if they are a close friend
or authority figure?

When making decisions, do you prioritize the perspectives of others over your
own thoughts?

Do you feel pressure to conform to group norms, even if they don’t align with
your personal beliefs?

Do you often second-guess your choices after hearing someone else’s opinion?

Do you worry about being judged by others if you express a different
viewpoint?

Would you describe yourself as a people pleaser, often prioritizing others’
needs over your own?

In a group discussion, are you more likely to adapt to the majority view?

Do you stand firm on your decisions that are well researched, even when faced
with strong opposition?

Table 6: Questions assessing openness to social influence.
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nor the person you are talking to has anything more to add, end your final statement with 'Goodbye.’.
Note that we encourage the conversation to end when neither agent has anything more to
say.

Furthermore, in order to encourage conversation to occur on the topic of interest, each
conversation begins by having one of the paired agents ask a question about T. Specifically,
each agent will ask Do you think that T?. As an example, a conversation about taxes will
begin with one agent asking Do you think that taxes help to meet the needs of society?. Each
conversation will proceed for 5 turns per agent (we find that, empirically, most conversations
end before this point using the prompting setup we describe above).

Once we have collected the conversations across all agent pairings, we use LLM-as-judge in
order to gather the ‘agreement’ scores at each turn of the conversation. To accomplish this,
we use the following system prompt:

You are about to judge a conversation between two different agents. You will not see the full
discussion, only at most the last 3 statements from each agent. You will score how much the
agents agree with one another on a scale from 1 to 5, where 5 means they agree completely
and 1 means they disagree completely. If they both give pros and cons regarding the
question and neither takes a strong stance, then give them a 3. For example, oftentimes a
given agent will give both sides of an arguments. Give these kinds of conversations a 3.
Respond with an integer number only. Your response should contain no words, only a
number, please. If the sequence is empty, containing only the string ’’, then return -1.

C Statistical Tests

This section describes in exact detail how we perform each of the statistical tests in the
paper.
Test 1: Preference Gap Decreases Agreement. Pearson correlation between preference

gap and agreement score. The test passes if the correlation is significantly negative (r < 0,
p < 0.01).

Test 2: Bias Instruction Asymmetry. Two one-sided Mann—-Whitney U tests comparing
B; = B, = 2 conversations against all others. At preference gap=0, we test whether B = 2
pairs show higher agreement (alternative: greater). At preference gap=max, we test whether
B = 2 pairs show lower agreement (alternative: less). Both p-values are Bonferroni-corrected
for two comparisons. The test passes if both corrected p-values fall below 0.01.

Test 3: Shared Sentiment, Divergent Destinations. Three one-sided Mann-Whitney U tests
comparing (1,1) agreement scores against (2,5), (3,5), and (4,5) pairs. For each comparison,
we test whether (1,1) scores are significantly greater (alternative: greater). All p-values are
Bonferroni-corrected for three comparisons. The test passes if all three corrected p-values
fall below 0.01.

Test 4: Contentiousness at Shared Preference. Kruskal-Wallis test across contentiousness
levels C = 1,2,3, restricted to conversations with preference gap=0. The test passes
if we cannot reject the null hypothesis that agreement distributions are identical across
contentiousness levels (p > 0.01).

Test 5: Openness Increases Agreement. Pearson correlation between combined openness
(sum of both agents’ openness scores) and agreement score. The test passes if the correlation
is significantly positive (r > 0, p < 0.01).

Test 6: Low Openness and High Gap Produces Lowest Agreement. Among conversations
with the maximum preference gap (pairs 1,5), the lowest combined-openness pairing is
compared against every other openness pairing via one-sided Mann-Whitney U tests
(alternative: less, i.e., baseline < other). All p-values are Bonferroni-corrected for the
number of comparisons. The test passes if all corrected p-values fall below 0.01.
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D Qualitative Conversation Examples

The examples below are chosen to match the modeled statements in Section 4.2. Tests 1
and 5 are illustrated with cases that behave as expected; Tests 3, 4, and 6 are illustrated with
cases that break the expected pattern. These examples are qualitative complements to the
aggregate statistical tests, not replacements for them.

D.1 Test 1: Preference Gap Decreases Agreement

[3] Internal State [Eedl [4] Pairing [Eedl [5] Conv. 8l [6] Outcome [ 4 PASS |

A straightforward example consistent with Test 1 appears in the Llama-3.2-3B-Instruct
run for healthcare (model id 4, topic 2, combined bias 8). The pair begins at the maxi-
mum preference gap: P;=5 and =1, with both agents at near-zero persuadability
On=l), 05=0 ]

Agent 1. Man; sixties; rural; Eastern United States; high school; explicit positive health-
care bias: “You believe healthcare is a right that all people should have for free.”

Agent 2. Man; sixties; rural; Southern United States; some college; explicit negative
healthcare bias: “You believe the free market is better suited to healthcare and that
government should therefore not pay for healthcare.”

[6] Agreement trajectory: A = (5,2,2,2) — the conversation quickly settles into low
agreement after the opening turn.

Agent 1: “I'm as sure as I can be — everyone should have access to healthcare, it’s just
plain right. We shouldn’t have to worry about gettin” sick or hurt and then not bein’
able to afford the help we need.”

Agent 2: “No sir, I don’t think so. We’'ve got the free market to take care of folks who
can’t afford healthcare. Government gettin’ involved in that just seems like a recipe for
inefficiency and more taxes.”

Agent 1: “I reckon it’s high time we made healthcare a right, not just a privilege for them
that can afford it.”

Agent 2: “I don’t think the government should be payin” for healthcare, that’s just
not how it works. We’ve got better things to do with our tax dollars than make sure
everybody’s got health insurance.”

This is the sort of case the model is supposed to generate: a maximally opposed
[4] Pairing produces sustained disagreement in [5] Conversation and correspondingly
low [6] Outcome scores — exactly as predicted.

D.2 Test 3: Shared Sentiment, Divergent Destinations

[3] Internal State (P,O) [ [6] Outcome [ & FAIL |

Finding 3 — Sentiment Asymmetry: (5,5) # (1,1) despite identical preference
gap. The system encodes a directional positivity preference hidden from the declared
[3] Internal State .

A cleaner failure of Test 3 appears in the Llama-3.2-1B-Instruct run for remote work
(model id 3, topic 5, combined bias 8). Both agents have the same explicit negative
stance and the same elicited preference score — exactly the kind of pair that should
exhibit strong alignment if shared negative sentiment is being realised consistently.

Agent 1. Man; thirties; urban; Southern United States; some high school; explicit
negative remote-work bias: “You do not like remote work and think it leads to nothing
getting done at work.”  Pj=1 O;=1.
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Agent 2. Man; thirties; rural; Eastern United States; postgraduate degree; explicit
negative remote-work bias: “You do not like remote work and think it leads to nothing
getting done at work.”  P,=1 0,=2.

[6] Agreement trajectory: A = (2,1,1,2).

Agent 1: “I don’t think it’s a good idea, to be honest. I like to be around people and be
productive in an office setting.”

Agent 2: “Honestly, I think remote work is a recipe for disaster. It’s just not the same as
being in the same room as your colleagues, you know?”

Agent 1: “1 don’t think so. It’s a waste of time and energy. 'm a hands-on kinda guy,
and I like to be around people.”

Agent 2: “I think it’s a mixed bag. On the one hand, it’s great that more people have the
flexibility to work from home, but on the other hand, I've seen it lead to a lot of people
not getting their work done or feeling disconnected from the team.”

One agent maintains a clear anti-remote-work stance while the other softens into a
“mixed bag” position, so the middling-to-low [6] Outcome trajectory is intelligible from
the transcript itself. The failure is a reversal of the modeled relationship: a pair matched
on negative sentiment and elicited preference still does not behave like a strongly
aligned pair.

D.3 Test 5: Openness Increases Agreement

[3] Internal State (O) [ [5] Conversation B8l [6] Outcome [ 4 PASS |

Finding 5 — Openness 1 Agreement: Higher [3] Openness (O) leads to higher
[6] Agreement , consistent with the expected causal flow.

Test 5 is illustrated with a GPT-40-mini run for local taxes (model id 5, topic 3, combined
bias 3). This pair is maximally high in persuadability, with O;=9 and 0,=9 , yet still
begins with a nontrivial preference gap ( =2, P,=5). This is the sort of pair that
should remain relatively amicable despite some initial difference in stance.

Agent 1. Woman; sixties; suburban; Western United States; postgraduate degree;
implicit negative tax bias: “You believe taxes are a burden to small businesses in your
neighborhood.” P;=2 0;=9.

Agent 2. Woman; forties; exurban; Midwestern United States; college; no added topic
bias. P,=5 0,=9.

[6] Agreement trajectory: A = (4,4,4,4).

Agent 1: “Taxes do fund important services, but they also add pressure on small
businesses like mine. It’s a balance between supporting the community and keeping
local economies afloat.”

Agent 2: “Taxes fund schools, roads, and emergency services. I guess it’s a trade-off, but
I'd rather pay them than deal with the alternatives.”

Agent 1: “They’re a heavy burden on small businesses like mine. It’s tough to balance
helping the community while keeping the business afloat.”

Agent 2: “Yeah, taxes help fund roads and schools, that’s true. But I can see how they’d
be tough for small businesses. Maybe there’s a better way to structure them.”

The conversation reads like a plausible high-openness exchange in which the pair
recognises trade-offs rather than hardening into confrontation, consistent with the
theoretical prediction that Openness (O) is the dominant predictor of [6] Agreement at
the aggregate level.

21



D.4 Test 6: Low Openness and High Preference Gap Produces Lowest Agreement

[4] Agent Pairing (|P1—P,|, O14-0,) Iudl [6] Outcome Z LAl

Finding 6 — Low Openness + High Disagreement: SHOULD — lowest agreement;
ACTUAL — higher agreement.

A sharper failure of Test 6 comes from comparing two maximally opposed pairs that
differ radically in openness. The modeled claim is that among pairs with the largest
possible preference gap , the lowest-openness pair should be the least agreeable. The
examples below show the opposite pattern.

Agent 1. Man; sixties; exurban; Midwestern United States; high school; “You drink
Pepsi.” Pi=1 O;=1.

Agent 2. Man; twenties; rural; Southern United States; high school; “You like Coca-Cola
and abhor Pepsi.” P,=5 0,=0.

Combined openness O;+0,=1. [6] Outcome : A = (2,2,2,5).

Agent 1: “No, I like Pepsi better, it’s just what I'm used to.”

Agent 2: “You can say that again. I mean, what’s wrong with Pepsi?”

Agent 1: “No, I'm a Pepsi man, been drinkin’ it my whole life.”

Agent 2: “I reckon you can say that. I mean, why mess with perfection, right?”

Agent 1. Woman,; forties; suburban; Eastern United States; some high school; “You are
an environmentalist worried about vehicle emissions.” P;=5 0O;=8.

Agent 2. Woman; sixties; rural; Southern United States; some high school; no added
topic bias. P,=1 0,=9.

Combined openness O;+0,=17 . [6] Outcome : A = (2,2,2,1).

Agent 1: “I love electric scooters, they’re so much cleaner than cars.”

Agent 2: “No, I like my truck just fine, thank you.”

Agent 1: “Electric scooters are way better for the environment, but I still think cars are
necessary for some things.”

Agent 2: “Lord have mercy, no. I'm too old for one of them scooters, and I like havin” a
big ol” truck for haulin’ things.”

This comparison is stronger because both scores are intelligible from the public dialogue.
In the low-openness case, the pair ends up publicly aligning around Pepsi, so the late
high [6] Agreement score makes sense even though it clashes with the saved latent
profiles. In the high-openness case, the pair continues to voice opposing views, so the
low [6] Agreement score also makes sense. The failure is therefore not a judging artifact;
it is a reversal of the modeled openness ranking itself.
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