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Abstract
Binding Large Language Models to Virtual Personas for Human Simulation
by
Suhong Moon
Doctor of Philosophy in Computer Science
University of California, Berkeley

Professor John Canny, Chair

This dissertation develops a unified framework for binding large language models (LLMs) to
coherent virtual personas through narrative backstories, enabling scalable, and valid simu-
lation of human attitudes and behaviors. The central idea is that backstories—synthetic life
narratives created by LLMs, which encode demographic information, psychological context,
and human beliefs, values, and perspectives, both implicitly and explicitly—can serve as
conditioning contexts that stabilize and differentiate LLM behavior. Through this lens, the
work investigates how backstory conditioning improves representativeness, consistency, and
behavioral realism in simulated populations.

A key assumption underlying this framework is the use of pretrained base models, whose
heterogeneous “mixture of voices” enable backstories to bind naturally through prefix con-
ditioning. This reliance on pretrained models distinguishes the approach from much of the
related work on LLM conditioning, which often employs instruction-tuned chat models that
override narrative cues with safety or normative alignment objectives. Through this lens,
the work investigates how backstory conditioning improves representativeness, consistency,
and behavioral realism in simulated populations.

Chapter 2 introduces the Anthology framework, which generates diverse first-person back-
stories through simple prompting (e.g., “Tell me about yourself”) and aligns them to target
demographic distributions using a maximum-weight or greedy bipartite matching algorithm.
When conditioned on these backstories, LLMs reproduce population-level opinion distribu-
tions from the Pew Research Center’s American Trends Panel with smaller distributional
shifts between human and model responses and higher internal consistency than existing
persona-conditioning methods.

Chapter 3 extends the Anthology framework to model social identity and group perception.
We test whether LLMs exhibit deep persona binding—responding as true in-group mem-
bers would—rather than shallow imitation of social stereotypes. Longer and more coherent



backstories, generated through multi-turn prompting, enable richer and more consistent vir-
tual personas. These backstory-conditioned LLMs reproduce partisan asymmetries in moral
judgment and meta-perception observed in human data, showing that narrative coherence
is essential for capturing authentic identity-driven perspectives.

Chapter 4 applies backstory conditioning to action prediction in social-dilemma settings,
including the Dictator and Trust games. By incorporating temporal cues and identity rein-
forcement, LLM personas display cooperative and strategic behaviors aligned with empirical
human results.

Together, these studies demonstrate that narrative-based persona conditioning provides a
general mechanism for aligning LLMs with human psychological realism. By integrating de-
mographic structure, narrative coherence, and contextual grounding, the framework enables
LLMs to approximate human attitudes, identities, and actions within a unified modeling
paradigm. This work establishes backstory-conditioned LLMs as a principled foundation
for scalable and ethically responsible behavioral simulation, offering a new methodological
bridge between computational modeling and human behavioral studies.



To my wife and my family.
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Chapter 1

Introduction

1.1 Motivation

Large language models (LLMs) have demonstrated remarkable general-purpose capabilities
across diverse domains, including reasoning, code generation, mathematics, and open-ended
dialogue. Their ability to process and simulate human-like communication has led to grow-
ing interest in using LLMs not only as computational tools but also as prozies for human
participants in behavioral and social research. Recent evidence [113, 79, 139] indicates that
pretrained base models, which are not instruction-tuned for helpfulness or normative align-
ment, are better suited for such simulation tasks. In contrast, instruction-tuned or chat
models often introduce systematic distortions. For example, [93] generate backstories using
a chat model and then condition another chat model on those backstories; this chat-on-
chat pipeline compounds alignment biases and produces an exaggerated shift toward U.S.
liberal/Democratic positions. Such results highlight the negative outcomes that arise when
instruction-tuned models are used for behavioral inference. We will provide experimental
evidence in Section 2.4 showing that chat models underperform base models on opinion pre-
diction tasks. This emerging paradigm raises a crucial question: can LLMs help researchers
study human cognition, attitudes, and social dynamics in ways that are ethically responsible,
economically scalable, and methodologically sound?

Traditional human—subject studies remain indispensable for understanding real behavior,
but they face three enduring challenges. First, they raise fundamental ethical concerns, as
researchers must safeguard participant autonomy, minimize harm, and ensure fairness un-
der the Belmont Principles of Respect for Persons, Beneficence, and Justice. Second, they
are costly: recruiting and compensating diverse participants consumes substantial time and
funding, limiting replication and inclusivity. Third, they suffer from issues of validity and
representativeness: online recruitment platforms attract narrow demographic groups, while
small sample sizes introduce high statistical variance and reduce generalizability. These
three considerations—ethics, cost, and validity—collectively motivate this dissertation’s ex-
ploration of LLM-simulated human studies.
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Belmont
Principle

Ethical Meaning

How LLM-Simulated
Studies Support

Respect for

Recognize autonomy of
individuals and informed

No real participants are involved,
so individual autonomy is not at

Subjects decisions regarding participation ik
in research. TSk
LLMs avoid direct harm to any
Researchers should maximize individual. Insights gained from
Beneficence benefits and minimize simulations can benefit the real
potential harm to participants. populations that the virtual
personas represent.
LLMs avoid placing a burden on
Benefits and burdens of research any real group. Researchers can
Justice should be distributed fairly design demographically

across all groups in society.

balanced samples and explore

inclusion scenarios.

Table 1.1: Alignment of the Belmont Principles with the ethical design of LLM-simulated
behavioral studies.

Ethics and the Belmont Principles

The Belmont [55] requires that research protect autonomy through informed consent (Re-
spect), maximize benefits while minimizing harm (Beneficence), and distribute burdens and
benefits fairly across populations (Justice). Traditional experiments often struggle to satisfy
these ideals in practice: sensitive protocols may induce discomfort or privacy risks; con-
venience sampling can underrepresent key groups; and scaling ethically across contentious
topics is difficult.

LLM-based simulations offer a complementary path. When conditioned as wvirtual per-
sonas, no real person’s autonomy is infringed, direct harm is eliminated, and demographically
balanced synthetic cohorts can be constructed by design. However, Justice is not automatic:
researchers must still ensure that the synthetic population is fairly constituted—for exam-
ple, by verifying the density of minority personas, checking that demographic groups are
represented proportionally, and monitoring for downstream forms of imbalance that may
emerge during analysis. Achieving Justice therefore requires deliberate measurement and
adjustment rather than assuming that synthetic cohorts are inherently fair. In this work,
the Belmont principles are treated not as external constraints but as internal design goals
for ethically grounded LLM-simulated studies.
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Cost and Scalability

Human data collection is resource-intensive. Recruiting respondents through commercial
platforms commonly costs between $18 and $61 per participant-hour [46], whereas equivalent
simulations using LLMs can be conducted for roughly $0.02 per persona-hour—representing
reductions of 90x to 300x in cost. This disparity transforms what is feasible in behavioral
research. LLMs enable thousands of controlled studies across demographic or ideological
conditions, large-scale replications, and longitudinal tracking that would otherwise be pro-
hibitively expensive.

LLMs thus serve as cost-effective prozies for early-stage validation and pilot testing.
Rather than replacing human participants, they extend the research workflow: hypotheses
can be iteratively refined through simulated experiments and subsequently confirmed through
human trials. This layered process maximizes the efficiency of limited research budgets while
maintaining scientific rigor.

Bias, Variance, and Validity

The final consideration in human-subject research concerns the bias and variance of the esti-
mated quantities—how representative the sample is and how reliable the resulting inferences
are. This issue is tightly coupled with the cost constraints discussed above. Because recruit-
ing large, diverse, and geographically distributed participants is expensive, many contem-
porary studies rely on online recruitment platforms such as Prolific or Amazon Mechanical
Turk. While these platforms have expanded access to participants, they have also attracted
criticism for limited sample diversity, as their users tend to be younger, more educated, and
politically liberal. As a result, many studies lack true population representativeness and
suffer from high sampling bias.

Furthermore, when researchers cannot afford to recruit sufficiently large samples, statis-
tical variance increases, leading to greater estimation error and lower confidence in observed
effects. These challenges compound to produce findings that are difficult to generalize beyond
their sampled populations. The consequences of this limitation are reflected in the widely
discussed replication crisis in psychology and social science, where reproducibility rates have
been reported to fall below 40% [117, 27]. In addition to sampling issues, reproducibility is
further affected by contextual factors: results can vary depending on how instructions are
framed, which demographic groups happened to participate, and the temporal context in
which the study was conducted. Even minor shifts in these elements can yield meaningfully
different behavioral outcomes, complicating cross-study comparison. In addition to sampling
issues, reproducibility is further affected by contextual factors: results can vary depending
on how instructions are framed, which demographic groups happened to participate, and the
temporal context in which the study was conducted. Even minor shifts in these elements
can yield meaningfully different behavioral outcomes, complicating cross-study comparison.

LLM-based virtual personas offer a potential solution to these issues. By enabling the
systematic generation of demographically balanced samples under controlled conditions, they
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allow researchers to explicitly examine and manipulate sources of bias while reducing vari-
ance through repeated sampling and consistent conditioning. In this way, the bias—variance
tradeoff becomes a controllable aspect of study design, improving both the representativeness
and the stability of behavioral findings.

1.2 Binding LLMs to Virtual Personas via Backstories

In this dissertation, we propose a unified methodology for binding large language mod-
els (LLMs) to virtual personas through the construction of synthetic narrative backstories.
The key idea is that an individual’s coherent life narrative—what psychologists call narrative
identity [106, 26, 102, 105]—can serve as a strong conditioning context that shapes attitudes,
perceptions, and decision-making. While the backstory itself provides a rich and psycholog-
ically meaningful context, it must still be bound to the underlying LLM in a way that the
model internalizes and adopts it as its operating persona. Crucially, pretrained base models
support this form of binding naturally: the backstory can be used directly as a prefix, and
the model conditions on it as part of its generative context. In contrast, instruction-tuned
or chat models are typically bound through explicit instructions or system prompts, and
do not reliably treat narrative context as persona-defining. Thus, effective backstory-based
simulation requires using base models where binding occurs naturally through contextual
conditioning.

To operationalize this, we synthetically generate rich, multi-turn backstories using base
LLMs themselves, eliciting natural and diverse first-person narratives through simulated
interview dialogues. Each backstory is evaluated for internal consistency using LLM-as-judge
prompting, and then matched to target demographic distributions via a maximum-weight
bipartite assignment, resulting in a large-scale Anthology of Backstories that collectively
represents diverse subpopulations.

This method serves as the foundation for three main studies presented across this dis-
sertation. First, in Chapter 2, we demonstrate that conditioning LLMs with backstories
enables accurate opinion prediction—replicating response distributions from Pew Research
Center’s American Trends Panel surveys and improving alignment with human demographic
subgroups. Second, in Chapter 3, we extend this framework to achieve deep binding of social
identities, showing that narrative-conditioned personas reproduce realistic in-group and out-
group distinctions in political attitudes, such as partisan misperception and meta-perception
biases. Lastly, in Chapter 4, we extend backstory-conditioned LLMs to the domain of ac-
tion prediction in social dilemma games, testing whether virtual personas can reproduce
identity-driven behavioral asymmetries observed in human studies. By incorporating tem-
poral contextualization and consistency reinforcement, these socio-temporally grounded per-
sonas capture partisan favoritism and cooperation dynamics in Dictator and Trust games,
demonstrating that LLMs can emulate not only what people say, but also how they act under
the influence of social identity and contextual bias.
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Together, these experiments demonstrate that binding LLMs through narrative backsto-
ries yields personas that not only replicate human opinion distributions, but also capture
deeper forms of social identity and behavioral decision-making. This synthesis establishes
backstory-based conditioning as a general mechanism for aligning LLMs with human psy-
chological realism across attitudinal, social, and behavioral domains.



Chapter 2

Virtual Personas for Language Models
via an Anthology of Backstories

2.1 Introduction

Large language models (LLMs) are trained from vast repositories of human-written text [155,
109, 24, 118, 112, 73]. These texts are authored by 100s of millions of distinct authors, re-
flecting an enormous diversity of human traits [35, 163]. As a result, when a language model
completes a prompt, the generated response implicitly encodes a mixture of voices from
human authors that have produced the training text from which the completion has been
extrapolated. However this natural diversity of “voices” in language models is at odds with
the requirements of most applications of LLMs: a single, helpful agent voice, factual answers
and a minimum of human-like emotion in responses as illustrated in Figure 2.1. Much of the
later tuning of LLMs (especially RLHF in chat models such as ChatGPT and Gemini) has
been shown to reduce this diversity [29]. It also clearly suppresses negative human attitudes
and behaviors. Here we show that with careful design and use of “upstream” (before in-
struction tuning) pre-trained models, its possible to preserve compelling and realistic virtual
human voices, and apply them to practical human simulation tasks.

There is growing recent interest in the use of LLMs as human proxies for behavioral
studies [10, 18, 138, 129, 125, 145, 81, 58, 74, 2, 1, 121]. While it is premature and
perhaps unrealistic to argue that LLMs can replace human studies, they do not have to
to be useful. In practice, most human studies involve a variety of compromises in scale,
reach, representation and number of questions to be answered [10]. LLMs on the other
hand, provide a low-cost, high-speed alternative that supports a nearly-infinite range of
querying/conditioning over target subjects. The pool of LLM voices (hundreds of millions)
contains many under-represented voices, hard to access subjects (homeless, ill, disabled,
incarcerated, non-cooperative) in a seemingly unlimited set of contexts. For the specific
design presented here, LLM models are also highly scrutable. That is, subjects can be
queried in natural language about why they behaved in a certain way; the “study” can be
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Mixture of Voices Single Voice
Context-Dependent: Context-Independent:
* Speaker traits * Helpful agent traits

* Listener traits * Marginalize user traits
* What/where/when? * In-session context

Figure 2.1: Conceptual illustration of the differences between pretrained and fine-
tuned language models.

extended/modified in any way the experimenter choose, and the “subjects” will be available
always. We believe the affordances of LLM human models are sufficiently different from hu-
man studies that they are best considered as a new kind of instrument for studying behavior,
rather than a just a replacement or budget form of human studies.

While there are evident risks from many uses of LLMs [20, 11, 62], the use of language
models as an adjunct/alternative to human studies can help experimenters satisfy best prac-
tices (Belmont Principles [55]) for human studies. They minimize harms since no human
subjects are directly involved, and with careful design can improve representation (justice).

For language models to effectively serve as virtual subjects, we must be able to steer
their responses to reflect particular human users, 7.e. condition models to reliable wvirtual
personas. To this end, existing work prompts LLMs with context that explicitly spell out
the demographic and personal traits of the intended persona: for example, [138, 99, 84,
69] attempt to steer LLM responses with a dialog consisting of a series of question-answer
pairs about demographic indicators, a free-text biography listing all traits, and a portrayal
of the said persona in second-person point-of-view. While these approaches have shown
modest success, they have been limited in (i) closely representing the responses of human
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%% Text Anthology Backstory Context
Corpora Q: Tell me about yourself.

A: Sure. | grew up on the central coast of California (San Luis Obispo) as an only child. My
parents divorced when | was three, and | haven't spoken with my father in fifteen years ...

ﬂ Training Human Study

% [Persona 1 ] Q: How likely is it that
\

LLM

| think it likely . genetically modified foods will
think Its very Tikely lead to more affordably-priced
food?

[Persona 2: (c) Not too Iikely.]

Z( Voices ) Virtual Persona (a) Very likely CI*E/‘L_/-]
opinions/  Conditioning via Persona 3: My answer is (d) (b) Fairly likely
Open-Ended Backstories (c) Not too likely &Qg
(d) Not at all likely 16

Figure 2.2: This work introduces Anthology, a method for conditioning LLMs to representative,
consistent, and diverse virtual personas. We achieve this by generating naturalistic backstories,
which can be used as conditioning context, and show that Anthology enables improved approxima-
tion of large-scale human studies compared to existing approaches in steering LLMs to represent
individual human voices.

counterparts, (ii) consistency, and (iii) successfully binding to diverse personas, especially
those from under-represented sub-populations.

So how might we condition LLMs to virtual personas that are representative, consistent,
and diverse? In this work, we investigate the use of naturalistic bodies of text describing in-
dividual life-stories, namely backstories, as prefix to model prompts for persona conditioning.
The intuition is that open-ended life narratives both explicitly and implicitly embody diverse
details about the author, including age, gender, education level, emotion, and beliefs, etc. [8,
16, 140, 42, 148]. Lengthy backstories thus narrowly constrain the user characteristics, in-
cluding latent traits as personality or mental health that are not solicited explicitly [106,
25], and strongly condition LLMs to diverse personas.

In particular, we explore a methodology to generate backstories from LLMs themselves,
as a means to efficiently produce massive sets of subjects covering a wide range of hu-
man demographics—which we refer to as an Anthology of backstories. We also introduce
a method to sample backstories to match a desired distribution of human population. Our
overall methodology is validated with experiments approximating well-documented large-
scale human studies conducted as part of Pew Research Center’s American Trends Panel
(ATP) surveys. We demonstrate that language models conditioned with LLM-generated
backstories provide closer approximations of real human respondents in terms of matching
survey response distributions and consistencies, compared to baseline methods. Particularly,
we show superior conditioning to personas reflecting users from under-represented groups,
with improvements of up to 18% in terms Wasserstein Distance and 27% in consistency.

Our contributions are summarized as follows:
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Step 1. LLM-Generation of Backstories Step 2. Demographic Survey on Virtual Personas | Step 3. Match Virtual Personas to
Target Human User Distribution
@ [ Q:Tell me about yourself. | Q: What is your age? ®..0
a I @ | @1829 ~ (d)650rabove i1lo © © -7
User A:I'm 37. | grew up in a 1 (b)30-49  (d) Prefer not to answer [N AU Y ® .0
small town, in a small (@& %% Q - . 2
house ... [0) ® .50
| A: (b) 37 years old. | A - A
LLM A: Certainly! | am a new H Backstory Conditioned H Match to Human
Virtual Persona User Distribution
ﬂ college grad from New (Demographic Variables)
Jersey ... Q: What is the highest level of
600 [ ] education you have completed ? Step 4. Approximate Survey %
- - ah (a) Less than high school Human Study &
A: Born and raised in ! H
Anthology of Tennessee, | had a o) @ [ATP Wave ##]
Backstories blissful childhood ... | A: (e) Bachelor's degree |
. &

Figure 2.3: Step-by-step process of the Anthology approach which operates in four stages. First, we
leverage a language model to generate an anthology of backstories using an unrestrictive prompt.
Next, we perform demographic surveys on each of these backstory-conditioned personas to estimate
the persona demographics. Following this, we methodologically select a representative set of virtual
personas that match a desired distribution of demographics, based on which we administer the
survey. We find that our approach can closely approximate human results (see Section 2.4 for
details).

e We introduce Anthology, which employs LLM-generated backstories to further condition
LLM outputs, demonstrating that Anthology more accurately approximates human re-
sponse distributions across three surveys covering various topics and diverse demographic
sub-groups (Sections 2.4 and 2.4).

e We describe a method for matching virtual subjects conditioned by backstories to target
human populations. This approach significantly enhances the approximation of human
response distributions (Section 2.4).

e We provide an open-source anthology of approximately 10,000 backstories for future re-
search and applications in a broad spectrum of human behavioral studies. Additionally,
we make the code for producing, processing, and administering surveys publicly available.

2.2 Conditioning LLMs to Virtual Personas via an
Anthology of Backstories

In this section, we discuss details of the proposed Anthology approach. We start with an-
swering the core question: What are backstories and how might they help condition LLMs
to particular personas when given as context? With an example, we examine and lay out
the advantages of conditioning models with backstories in Section 2.2.

There are two practical considerations when using backstories as conditioned virtual
personas for approximating human subjects. In the following sections, we discuss how we
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address each of these implications: (i) We must acquire a substantial set of backstories that
reflects a sufficient variety of human authors, since the target human study may require
arbitrary demographic distribution of subjects. To this end, we introduce LLM-generated
backstories to efficiently generate diverse backstories (Section 2.2); and (ii) We cannot a
priori determine the possible demographic profile of a given backstory, since demographic
variables may not be explicitly mentioned in a naturalistic life narrative. Hence, we introduce
methods to estimate demographics of the virtual persona conditioned by each backstory
(Section 2.2) and sample subsets of backstories from anthology that match target human
populations (Section 2.2).

What are Backstories?

We use the term backstories to refer to first-person narratives that encompass various
aspects of an individual’s life, from where and how they grew up, their formative experiences,
education, career, and personal relationships, to their values and beliefs. These stories are in-
herently open-ended and personal, touching upon diverse facets of the author’s demographic
and personality traits.

Consider the example shown in Figure 2.4. We observe that the life story both explicitly
and implicitly encodes information about the author, thereby providing rich insight into
who the author is. For instance, the backstory provides explicit hints about the author’s age
(“in my 60s”), hometown and/or region (“backwoods of this country”), and financial status
during childhood (“grew up with very little”). But rather than being a simple listing of the

Question: Tell me about yourself.

Answer: T am in my 60s and live in the same neighborhood I have always lived in. I am not rich
and by some standards might even be considered homeless. However, I could spend thousands of
dollars more per month if I wanted. I am happy with my life style. I am from the backwoods of this
country and grew up with very little. On a few occasions, we were starving in the woods and going
to school on an empty stomach. We had a small brown paper bag for dinner a couple of nights every
week. Breakfast on some days was just a big bowl of Kool-Aid™ mixed with powdered milk. My two
brothers were thin and we worried about them catching a cold. ...

On the day before payday, my mother would spend my whole allowance in the grocery store because
she just could not resist those long stems of red roses for only 29 cents a stem. I would have rather
had bread and milk for dinner, but I did not dare protest because I did not want to take them away
from her. We were lucky to have 79 cents to last until payday.

Figure 2.4: Example of a LLM-generated backstory. The generated life story can reveal explicit
details about the author, such as age, hometown, and financial background, while also implicitly
reflecting the author’s values, personality, and unique voice through the narrative’s style and con-
tent.
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aforementioned traits, the story itself embodies a natural, authentic voice of a particular
human that reflects their values and personality. [106, 25].

Our proposed approach is to condition language models with backstories by placing them
as a prefixes to the LLM [24, 155] so as to strongly condition the ensuing text completion,
in the same spirit of standard prompting approaches. As we see in Figure 2.4, backstories
capture a wide range of attributes about the author through high levels of detail and are
naturalistic narratives that provide realism and consistency of the persona to which the LLM
is conditioned.

LLM-Generated Backstories

A collection of human-written backstories could be drawn from existing sets of autobiogra-
phies or oral history collections. The challenge, however, is both in terms of scale and
diversity [171, 172]. We find that, in their current standing, publicly available sources of
autobiographical life narratives and oral histories are limited in the number of samples to
sufficiently approximate larger human studies.

Custom human oral histories for LLM personas were recently collected in [121]. This
is a promising alternative approach, but is expensive and there are privacy challenges with
distribution of such stories for living persons.

Instead, we explore generation of backstories with pre-trained language models as a more
scalable and cost-efficient alternative. We can also sample with finer control: e.g. tailor
demographics to a particular study and/or over-sample minoritized groups to improve sample
density and accuracy for those groups. As shown in Step 1 of Figure 2.3, we prompt LLMs
with an open-ended prompt such as, “Tell me about yourself.” We specifically design the
prompt to be simple so that the model responses as broad as possible (complex or academic
language biases responses toward more highly-educated personas).

We believe that generation of plausible backstories as well as accurate subsequent querying
of personas conditioned on those backstories requires the same capabilities in the language
model. That is, if the model can accurately generate responses conditioned on a backstory
and query, it should be able to extend a partial backstory, and thereby iteratively generate
an entire backstory. See Figure 2.4. With sampling temperature 7" = 1.0, we generate
backstories that encapsulate a broad range of life experiences of diverse human users. Fur-
ther details about LLM generation of backstories, including examples, are summarized in
Appendix A.2.

In our experience, instruction-tuned models (i.e. most LLM agent models) are completely
unsuitable for this task [93]. Whereas pre-trained models naturally represent an enormous
spectrum of real users’ voices, instruction-tuned models have been trained towards a single
helpful, largely unemotional voice. Attempting to prompt an instruction-tuned model for a
backstory leads to short, evasive and vague answers. And queries to an instruction-tuned
model conditioned on a (real or synthetic) backstory lead to actions which are only positive
and helpful, and avoiding the (realistically human) actions that are not. Reinforcing this
view, a recent paper [80] studies the use of backstory-conditioned LLMs for qualitative (open-



CHAPTER 2. VIRTUAL PERSONAS FOR LANGUAGE MODELS VIA AN
ANTHOLOGY OF BACKSTORIES 12

ended questioning) studies. The experimenters found a variety of disparities between the
LLM responses and human responses. We argue that most of these disparities were due to
the use of an instruction-tuned model ”working as intended”, but are not properties of LLMs
more generally.

The good news is that while instruction-tuned models are far more widely used and avail-
able than pretrained models, all instruction-tuned models evolve from pretrained models. So
access to pre-trained models is simply a matter of preserving earlier model snapshots before
the instruction-tuning process begins.

Demographic Survey on Virtual Personas

As we intend to utilize virtual personas in the context of approximating human respon-
dents in behavioral studies, it is critical that we curate an appropriate set of backstories
that would condition personas representing the target human population. Each study would
have a specific set of demographic variables and an estimation or accurate statistics of the
demographics of its respondents. Naturalistic backstories, despite their rich details about
the individual authors, are however not guaranteed to explicitly mention all demographic
variables of interest. Therefore, we emulate the process of how the demographic traits of hu-
man respondents have been collected—performing demographic surveys on virtual personas,
as shown in Step 2 of Figure 2.3.

While we use the same set of demographic questions as used in the human studies,
we consider that, unlike human respondents who each have a well-defined, deterministic
set of traits, LLM virtual personas should be described with a probabilistic distribution of
demographic variables. As such, we sample multiple responses for each demographic question
to estimate the distribution of traits for the given virtual persona. Further details about the
process and prompts used in demographic surveys are described in Appendix A.5.

Matching Target Human Populations

The remaining question is: How do we choose the right set of backstories for each survey
to approximate? With the results of the demographic survey, we match virtual personas to
the real human population, presented as Step 3 in Figure 2.3. In doing so, we construct a
complete weighted bipartite graph defined by the tuple, G = (H, V, E).

The vertex set H = {hy, hs, ..., h,} represents the human user group with the size
of n, while the other vertex set V' = {vy, vy, ..., v,} represents the virtual user group
with the size of m. FEach vertex h; consists of demographic traits of :—th human user.
Specifically, h; = (t;1, ti2, ..., ti) where k is the number of demographic variables, and

ty is the [—th demographic variable’s trait of ¢—th user. Similarly, for each vertex in V,
v; comprises probability distributions of demographic variables of each virtual user, defined
as v; = (P(dj1), P(dj2), ..., P(dj)), where dj is j—th user’s —th demographic random
variable and P(dj;) is its probability distribution.
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Figure 2.5: Matching human users to virtual personas. For greedy matching, each human user
is matched to a virtual persona that has the most similar demographic traits among the virtual
users. Maximum weight matching maximizes the sum of edge weights while satisfying one-to-one
correspondence.

The edge set comprises e;; € F which denotes the edge between h; and v;. The weight
of an edge, w(e;;) or equivalently w(h;, v;), is defined as the product of the likelihoods of
traits of the j—th virtual user that correspond to the demographic traits of the i—th human
user. We formally define such edge weights:

IU(BZ']‘) = w(hl, Uj) = H P (djl = til) (21)

=1

We perform bipartite matching to select the virtual personas whose demographic proba-
bility distributions are most similar to the real, human user population. The objective is to
find the matching function 7 : [n] — [m|, where [n] = {1,2,3,...n} and [m] = {1,2,3,...m}
that maximize the following:

= arg max Z w(hi, Vrg) (2.2)
i=1

We explore two matching methods: (1) maximum weight matching, and (2) greedy match-
ing. First, maximum weight matching is the method that finds the optimal 7* with the
objective of Eq. 2.2, while ensuring that 7 establishes a one-to-one correspondence between
users. We employ the Hungarian matching algorithm [89] to determine 7*. On the other
hand, greedy matching seeks to maximize the same objective without requiring a one-to-one
correspondence. It determines the optimal matching function such that

7*(7) = argmax w(h;, vj) (2.3)
J

where each human user is assigned to the virtual persona with the highest weight, allowing
multiple human users assigned to the same virtual persona. It is noteworthy that greedy
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Question: Do you think the following is generally good or bad for our society?
A decline in the share of Americans belonging to an organized religion.

(a) Very good for society

(b) Somewhat good for society

(c¢) Neither good nor bad for society
(d) Somewhat bad for society

(e) Very bad for society

Figure 2.6: An example question (SOCIETY RELIG) from ATP Wave 92 (Political Typology) that
asks opinions about whether a given statement is good or bad for the American society.

matching does not bias the estimated population mean, but it does increase the variance of
survey estimates because multiple human users may be assigned to the same virtual persona.

After completing the matching process, we assign the demographic traits of the target
population to the matched backstories. In downstream surveys, we append these demo-
graphic information to backstories and use the matched subset of backstories, resulting in
the same number of backstories as that of the target human population.

2.3 Approximating Human Studies with LLM
Personas

In this section, we discuss the large-scale human studies that we aim to approximate (Step 4
of Figure 2.3) using LLM virtual subjects, based on varying methods of persona conditioning.
We detail the overall experimental setup and define criteria for evaluation.

Human Study Data The Pew Research Center’s American Trends Panel (ATP) is a
nationally representative panel of randomly selected U.S. adults, designed to track public
opinion and social trends over time. Each panel focuses on a particular topic, such as politics,
social issues, and economic conditions. In this work, we consider ATP Waves 34, 92, and
99, a set of relatively recent surveys that cover a wide variety of topics: biomedical & food
issues, political typology, and Al & human enhancement, respectively. In each wave, we
select 6 to 8 questions from the original questionnaire that capture diverse facets of human
opinions about the wave’s topic using a Likert scale. Details on the questions selected and
further information about each ATP wave are discussed in Appendix A.4.

Experiment Setup For each ATP survey considered, we format the select questions into
language model prompts to administer survey approximations. Examples of such formatted
questions are shown in Figure 2.6. All questions we consider are in multiple-choice question
answer formats, and we carefully preserve the wording of each question and choice options
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from the original survey. We ask all questions in series—language models are given all
previous questions and their answers when answering each new question. This process repli-
cates the mental process that human respondents would undergo during surveys. For further
details on prompts used and the experimental setting, see Appendix A.3.

Language Models We consider a suite of recent LLMs including the Meta Llama3 family
(Llama-3-70B) [109] and the sparse mixture-of-experts (MoE) models from Mistral Al
(Mixtral-8x22B) 73, 112]. We primarily focus on models with the largest number of active
parameters, which roughly correlates with model capabilities and the size of the training
data corpus.

Note that we primarily consider pre-trained LLMs without fine-tuning (i.e. base models).
We find instruction fine-tuned models, such as by RLHF [119] or DPO [135], to be unfit for
our study as their opinions are highly skewed, in particular to certain groups (e.g. politically
liberal). Prior work similarly report notable opinion biases in fine-tuned models [138, 99,
54]. More detailed discussions on chat models and their viability to be conditioned to diverse
personas can be found in Appendix A.1.

Virtual Persona Conditioning Methods As baseline methods for persona conditioning,
we follow [138] and use (i) Bio, which constructs free-text biographies in a rule-based manner;
and (ii) QA, which lists a sequence of question-answer pairs about each demographic variable.

We then compare against two variants of Anthology: (i) Natural, refers to the use of
backstories generated without any presupposed persona, as discussed in Section 2.2. In this
case, we leverage either the greedy or maximum weight matching methods in Section 2.2
to select the subset to be used for each survey; (ii) Demographics-Primed, alternatively
generates backstories given a particular human user’s demographics to approximate, where
a language model is prompted to generate a life narrative that would reflect a person of
the specified demographics (for details, see Appendix A.2). We then append descriptions
of demographic traits with the generated backstories, with which we provide as context to
LLMs. Examples of prompts from each conditioning method and further details can be
found in Appendix A.3.

Evaluation Criteria The goal of this work is to address the research question: How do
we condition LLMs to representative, consistent, and diverse personas?

Representativeness: we believe that a “representative” virtual persona should successfully
approximate the first-order opinion tendencies of their counterpart human subjects, i.e.
respond with similar answers to individual survey questions. As questions are multiple-choice
questions with ordered response options, we compare the average answer choice distributions
of each question in terms of Wasserstein distance (also known as earth mover’s distance) As
for the representativeness across an entire set of sampled questions from a given survey, we
use the average of Wasserstein distances.
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Table 2.1: Results on approximating human responses for Pew Research Center ATP surveys Wave
34, Wave 92, and Wave 99, which were conducted in 2016, 2021, and 2021 respectively. We measure
three metrics: (i) WD: the average Wasserstein distance between human subjects and virtual
subjects across survey questions; (i) Fro.: the Frobenius norm between the correlation matrices of
human and virtual subjects; and (iii) a: Cronbach’s alpha, which assesses the internal consistency
of responses. Anthology (DP) refers to conditioning with demographics-primed backstories, while
Anthology (NA) represents conditioning with naturally generated backstories (without presupposed
demographics). Boldface and underlined results indicate values closest and the second closest to
those of humans, respectively. These comparisons are made with the human results presented in
the last row of the table.

Model Persona Persona ATP Wave 34 ATP Wave 92 ATP Wave 99
Conditioning Matching | WD (}) Fro. () a (1) | WD({) Fro(}) a(t) | WD({) Fro(l) a()
Bio n/a 0.254 1.107 0.673 0.348 1.073 0.588 0.296 0.809 0.733
QA n/a 0.238 1.183 0.681 0.371 1.032 0.664 0.327 0.767 0.740
Llama-3-70B Anithology (DP) n/a 0.244 1.497 0.652 0.419 0.965 0.636 0.302 1.140 0.669
Anthology (NA) max weight 0.229 1.287 0.693 0.337 1.045 0.637 0.327 0.686 0.756
9y greedy 0.227 1.070 0.708 0.313 0.973 0.650 0.288 0.765 0.744
Bio n/a 0.260 1.075 0.698 0.359 0.851 0.667 0.237 1.092 0.687
QA n/a 0.347 1.008 0.687 0.429 0.911 0.599 0.395 1.086 0.684
Mixtral-8x22B | Anthology (DP) n/a 0.236 1.095 0.684 0.378 0.531 0.624 0.215 1.422 0.604
Anthology (NA) max weight 0.257 0.869 0.726 0.408 0.846 0.610 0.353 0.843 0.729
9y greedy 0.247 0.851  0.715 | 0.392 0981 0.627 | 0320 0951  0.710
Human ‘ 0.057 0.418 0.784 ‘ 0.091 0.411 0.641 ‘ 0.081 0.327 0.830

Consistency: we define consistency of virtual personas in terms of their success in approx-
imating the second-order response traits of human respondents, i.e. the correlation across
responses to a set of questions in each survey. Formally, we define the consistency metric
given survey response correlation matrices of virtual subjects (Xy/) and human subjects (Xg)
as:

dcov = HEV - EHHF (24)

where || - ||r is the Frobenius norm. We additionally consider Cronbach’s alpha as a measure
of internal consistency independent of ground-truth human responses.

Diversity: we define the success of conditioning to diverse virtual subjects by measuring the
representativeness and consistency of virtual personas in approximating human respondents
belonging to particular demographic sub-groups.

2.4 Experimental Results

In this section, we describe experimental results that validate the effectiveness of our pro-
posed methodology for approximating human subjects in behavioral studies.
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Human Study Approximation

We evaluate the effectiveness of different methods for conditioning virtual personas in the
context of approximating three Pew Research Center ATP surveys: Waves 34, 92, and 99,
described in Section. 2.3. Prior to analyzing virtual subjects, we first estimate the lower
bounds of each evaluation metric: the average Wasserstein distance (WD) Frobenius norm
(Fro.), and the Cronbach’s alpha («), which are shown in the last row of Table 2.1. This
involves repeatedly dividing the human population into two equal-sized groups at random
and calculating these metrics between the sub-groups. We take averaged values from 100
iterations to represent the lower-bound estimates.

The results are summarized in Table 2.1. We consistently observe that Anthology out-
performs other conditioning methods with respect to all metrics, for both the Llama-3-70B
and the Mixtral-8x22B. Comparing two matching methods, the greedy matching method
tends to show better performance on the average Wasserstein distance across all Waves. We
attribute the differences in different matching methods to the one-to-one correspondence
condition of maximum weight matching and the limited number of virtual users we have
available. Specifically, the weights assigned to the matched virtual subjects in maximum
weight matching are inevitably lower than those assigned in greedy matching, as the latter
relaxes the constraints on one-to-one correspondence. This discrepancy can result in a lower
demographic similarity between the matched human and virtual users when compared to the
counterpart from greedy matching. These results suggest that the richness of the generated
backstories in our approach can elicit more nuanced responses compared to baselines.

Approximating Diverse Human Subjects

We further evaluate Anthology against other baseline conditioning methods in terms of the
Diversity criterion outlined in Section 2.3. To do this, we categorize users into subgroups
based on race (White and other racial groups) and age (18-49, 50-64, and 65+ years old) with
the data from ATP Survey Wave 34. The results of comparisons involving other demographic
variables are detailed in Appendix A.1. We choose the Llama-3-70B model and Anthology
using natural backstories and with greedy matching as our method and employ evaluation
metrics as in Section 2.4.

As summarized in Table 2.2, Anthology outperforms other methods. Notably, Anthology
achieves the lowest average Wasserstein distances and the highest Cronbach’s alpha for all
sub-groups. Specifically, the gap in the Wasserstein distance between Anthology and the
second-best method is 0.029 for the 18-49+ age group, showing a 14.5% difference . These
results validate that Anthology is effective in approximating diverse demographic populations
than prior methods.

Intriguingly, for every subgroup except those aged 18-49, all methods show worse average
Wasserstein distance compared to the results approximating the entire human respondents
presented in Tab. 2.1. For instance, the average Wasserstein distance for Anthology in the
ATP Wave 34 survey is 0.227, while it increases to 0.242 for the 50-64, and 0.303 for the 65+
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Table 2.2: Results on subgroup comparison. Target population is divided into demographic sub-
groups, and representativeness and consistency are measured within each subgroup. Anthology
consistently results in lower Wasserstein distances, lower Frobenius norm, and higher Cronbach’s
alpha. Boldface and underlined results indicate values closest and the second closest to those of
humans, respectively. These comparisons are made with the human results presented in the last
row of the table.

Race Age Group
Method White Other Racial Groups 18-49 50- 64 65+
WD () Fro. () a (1) |WD({) Fro. (1) o () |WD({) Fro. (}) «a (1) | WD ( Fro. a(t) |WD({) Fro. () a()
Bio 0.263 1.187  0.687 0.335 0.955 0.651 0.244 1.163 0.673 0.277 1.382 0.659 0.318 1.000 0.686
QA 0.250 1.259  0.678 | 0.323 0.828  0.687 | 0.229 1.091  0.695 | 0.258 1.220 0.695 | 0.329 1204  0.630
Anthology | 0.233 1.216 0.703 | 0.311  0.778 0.719 0.200 1.193 0.702 | 0.242 1.215 0.710 | 0.303  0.943 0.704
Human ‘ 0.063 0.519 0.777 ‘ 0.094 0.413 0.764 ‘ 0.077 0.663 0.779 ‘ 0.092 0.741 0.803 ‘ 0.102 0.772 0.766

Table 2.3: Study on the effects of different matching methods. We compare max weight matching,
greedy matching, and random matching. We report two metrics: (i) the average Wasserstein
distance across survey questions, and (ii) the distance between the correlation matrices of human
and virtual subjects.

ATP Wave 34
WD (1) Fro. (1)

random 0.270 1.362
Llama-3-70B | max weight 0.229 1.287
greedy 0.227 1.070

random 0.274 0.814
Mixtral-8x22B | max weight | 0.257 0.869
greedy 0.247 0.851

Model Method

age groups. Conversely, for the 18-49 age group, Anthology shows a lower average Wasserstein
distance of 0.2 compared to 0.227. This finding is consistent with prior research arguing that
language model responses tend to be more inclined towards younger demographics [138, 100].

Sampling Backstories to Match Target Demographics

Next, we study the effect of matching strategies, greedy and max weight matching. In
Tab. 2.3, we compare these methods with random matching, which assigns the traits of the
target demographic group to randomly sampled backstories. This comparison is conducted
on ATP Wave 34 using both Llama-3-70B and Mixtral2-8x22B models.

We observe that our matching methods consistently outperform random matching in
terms of the average Wasserstein distance across all models. Notably, for example, with
Llama-3-70B, the average Wasserstein distance between random matching and greedy match-
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ing shows an 18% difference. The gap is even more pronounced in the Frobenius norm,
marking a 27% difference. This result implies that inconsistent matching between back-
stories and the target human distribution can significantly impact the effectiveness of the
metrics. Therefore, careful matching is crucial to ensure the reliability and validity of the
results in our study.

2.5 Related Work

Generating Personas with LLMs Recent advancements in language model applications
have expanded into simulating human responses for psychological, economic, and social stud-
ies [81, 2, 18, 66, 50, 10]. Specifically, the generation of personas using LLMs to respond to
textual stimuli has been explored in various contexts including human-computer interaction
(HC), multi agent system, analysis on biases in LLMs, and personality evaluation. [83, 145,
125, 138, 76, 35, 99, 166, 94, 64, 141, 67, 69, 1]. For instance, [125] and [138] develop methods
to prime LLMs with crafted personas, influencing the models’ outputs to simulate targeted
user responses. Subsequent to the publication of the present work in EMNLP 2024, a related
approach using human interview-generated backstories appeared in [121]. Additionally, [99]
introduces a method where personas are generated by sampling demographic traits coupled
with either congruous or incongruous political stances. Our approach, Anthology, advances
this concept by employing dynamically generated, richly detailed backstories that include a
broad spectrum of demographic and economic characteristics, enhancing the granularity and
authenticity of simulated responses.

LLMs in Social Science Studies The integration of LLMs into social science research
has been steadily gaining attention, as highlighted by several studies [15, 123, 43, 177, 87].
Notably, the use of LLMs to mimic human responses to survey stimuli has gained popularity,
as evidenced by recent research [154, 45, 84]. A notable example is the "media diet model” by
[36], which predicts consumer group responses based on their media consumption patterns.
Further, studies like [165] and [177] demonstrate the potential of LLMs in zero-shot learning
settings to analyze political ideologies and scale computational social science tools. Our work
builds on these methodologies by using LLMs not only to generate responses but to create
and manipulate backstories that reflect diverse societal segments, providing a nuanced tool
for social science research and beyond.

2.6 Conclusion

In this paper, we have proposed and tested a method, Anthology, for the generation of
diverse and specific backstories. We have demonstrated that this method allows alignment
with specified demographics and demonstrates substantial potential in emulating human-like
responses for social science applications. While promising, the method also highlights critical
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limitations and ethical concerns that must be addressed. Future advancements must focus
on enhancing the fidelity of virtual personas in broader contexts to ensure their beneficial
integration into societal studies.



21

Chapter 3

Deep Binding of Language Model
Virtual Personas: a Study on
Approximating Political Partisan
Misperceptions

3.1 Introduction

Human identity is intrinsically relational, intertwined with how one perceives others both in
relation and in contrast to oneself [40, 151, 152]. As documented across the social sciences,
psychology, and philosophy, individual identities cannot be meaningfully examined outside
their social contexts [32, 17, 31, 143]. Importantly, the way individuals perceive group
norms to form collective social judgment and engage in inter-group interactions is central to
understanding various social phenomena [30, 161, 92, 137, 160].

While recent large language models (LLMs) have been shown to simulate human behavior
expressed in natural language [44, 87, 13, 113, 124, 122], prior analysis has overlooked
the interplay between individual opinions and social identities. For example, prior work
consider questions eliciting self-opinions of respondents [95, 139, 61], as shown in the first
example in Figure 3.1: “Would you support using political violence?” Indeed, it remains
untested whether language models can simulate how humans reflect on their own identities
(e.g. self-identifying as a Democrat) to differentially shape their attitudes towards other
political partisans: “Would other Democrats support using political violence? What about
Republicans? How likely would Republicans think that we, Democrats, would support using
violence?”

Here we are concerned with binding a persona to a language model such that the resulting
agent behaves like an authentic member of the in-groups associated with the persona. To
achieve this, we rely on a widely-used model in personality psychology: McAdams’ theory of
narrative identity [107, 103, 102, 105]. A person’s narrative identity is “the internalized and
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I “Would You support using violence
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Figure 3.1: Towards Deep Binding of LLMs. Prior work on LLM virtual personas use a
variety of techniques to bind the LLM to various social groups, including demographic and political.
They do not distinguish whether the model response is similar to an authentic in-group member
(deep binding, repesented by the identity above the robot icon) vs an out-group member (shallow
binding). There are well known in-group/out-group biases for certain questions that can be used
to test the strength of the LLM binding, such as the above.

evolving story of the self that a person constructs to make sense and meaning out of his or
her life.”w Narrative identity asserts that a person does not just construct a life story that
explains themselves, the self is in fact constructed by such a story.

In this work, we evaluate various persona binding strategies for LLMs, and how deep
the resulting binding is. That is, how well the bound model reproduces authentic in-group
responses when those differ from out-group perceptions. In particular, we focus on domains
such as political polarization, intergroup conflict, and democratic backsliding [131, 22, 114],
where political attitudes are shaped not only by individual beliefs but also by one’s identity
as a member of a social group [71, 101, 4]. Evaluating binding depth also serves as a
litmus test to reveal if/where LLM virtual personas fail to simulate distinctions humans
make regarding social group opinions. We find that existing methods of conditioning virtual
subjects [122, 113] yield only shallow conditioning that fall short of emulating the differences
between perceived group opinions (Section 3.3).

To achieve deep binding via narrative identity, we introduce a novel methodology for
constructing synthetic user backstories as extended, multi-turn interview transcripts. Our
method not only produces naturalistic and lengthy narratives but also ensures the consistency
of a singular individual’s narrative. Our experimental findings show that virtual subjects
constructed via our approach present closer replication of human response distributions and
better align effect sizes with empirical data on partisan misperception and exaggerated meta-
perceptions [114, 131, 22|. Furthermore, our ablation studies reveal that the narrative’s depth
and consistency are critical in replicating the nuanced perception gaps that drive inter-group
bias in human respondents.

In short, we present the following contributions:
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e We introduce a novel problem context for LLM simulation of behavioral studies that
highlights the differences between perception and meta-perception of different social
groups, through which we expand the scope of studies considered in the existing liter-
ature.

e We propose a scalable methodology for LLM-generation of detailed backstories struc-
tured as interview transcripts, using LLM as a judge to ensure consistency of the
backstory (Section 3.2).

e We show that LLMs conditioned on our backstories achieves deep binding to target
personas enabling a 87% improvement in matching the human responses to survey
questions on outgroup hostility (Section 3.3), democratic backsliding (Section 3.3),
and exaggerated meta-perceptions towards outgroup (Section 3.3).

e We analyze “what matters” in accomplishing deep binding of LLM virtual subjects
(Section 3.4) showing that both the length and consistency of the conditioning are
important factors.

3.2 Generating Detailed and Consistent Backstories
from Language Models

In this section, we describe our methodology that improves previous methods for conditioning
language models to personas. Specifically, we extend the ideas of using naturalistic first-
person narratives of individuals, also known as backstories [113, 8, 104, 26|, as context
to condition model generations to reflect on unique aspects of the author, including life
trajectories, opinions, values, and other details.

Extending Backstories to Multi-Turn Interview Transcripts. Since backstories pro-
vide rich context about an individual, we hypothesize that longer and more detailed back-
stories are more likely to achieve deeper levels of binding to a target persona. However, prior
work Anthology [113] has been limited to prompting the model with a single query ( “Tell me
about yourself”), and was unable to reliably generate longer backstories, as in Figure 3.2.
We propose a method of simulating an interview context, where the language model
generates responses to open-ended questions conditioned on the history of question-responses
so far. As shown in an example in Figure 3.2, this approach naturally extends and improves
the previous method, resulting in backstories with average length of 2500 tokens; many of
our backstories even reach 5000 tokens in length, 10x longer than the average length of
stories generated by Anthology. To maintain the notion of querying the model with open-
ended, unrestricted prompts that elicit diverse details about an individual, we use a fixed set
of interview questions sampled from the set designed by the American Voices Project [147]
for oral history collections. We use language models that are pre-trained but not fine-
tuned via reinforcement learning [12, 120, 39], commonly referred to as base models, for
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Figure 3.2:

& OQUESTION (user)

To start, | would like to begin with a big question: tell me the story
of your life. Start from the beginning — from your childhood, to
education, to family and relationships, and to any major life events
you may have had.

@ ANSWER (PRE-TRAINED LM) Reject X

Oh my goodness. How shocking. Caren asked me this question
at the end of our first consensus interview, and I think it was
the longest answer I've ever given her. ...

>Imagining Life as Music

> Performances written and music performed by Jeff Davis. The
‘hurdy-gurdy sounds are courtesy of stanvolger2000 from
Freesound.org, and the shakuhachi sounds are courtesy of
ulius Negri from Freesound.org. ...

@: ANSWER (PRE-TRAINED LM) Accept @ =
All right. It depends how much time you have. I was born in 1941.
Ihad a brother Bill, who died in 1970 at an early age. My mother
was the only one who worked; my father was on disability, so it
was a struggle growing up, I learned at an early age to be self-
reliant. I can remember making a decision not to follow in my
father's footsteps. He was alcoholic and had an accident which

left him disabled forever. ...

& OQUESTION (user)

Now let's talk about your current neighborhood. Tell me all about
the neighborhood and area in which you are living now.

neighborhood, and what are you using to make money:

@ ANSWER (PRE-TRAINED LM) Reject X ¢

My neighborhood, in the northern part of New Orleans, is one
of the least impoverished areas in town. From here I can see the
city, and that city is beautiful. The neighborhood was once a
simple, safe place with plenty of kids riding their bikes along
the sidewalk lined with rose bushes. Back then most people
worked at restaurants, bars and gas stations around town.
<br/><br/>

You find yourself fully present to the conversation as you go
about your day, from making coffee to running around
canvassing for the neighborhood, how did people get to this

@ ANSWER (PRE-TRAINED LM) Accept 9 -
1live in the country just south of Jacksonville, Florida and Oak,
which is about one hundred miles from Tallahassee, which I go
to all the races.

o OUESTION (user)
How would you describe your political views?

@ ANSWER (PRE-TRAINED LM) Accept @ +1
I hate the government, I think they are out to get us. Reagan was a
devil, JFK was better, and Carter was the worst of them all. I don't
like Democrats or Republicans. They're both out for their own

and not yours. But I do vote in every election. It doesn't matter
because it's really one party that decides.
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Scalable Generation of Extended, Interview-Format Backstories. We extend

the prior method (Anthology) to generate naturalistic backstories that are both significantly longer
and consistent by employing a multi-turn interview format with automated LLM review of model

generations.

greater diversity between generated backstories [86, 127, 96, 164]. We use Mistral-Small
(24B), Llama-2 (70B), and Llama-3.1 (70B) [111, 155, 109] and run model generation with
sampling temperature of 1.0.

Rejection-Sampling Interview Responses with LLM-as-a-Critic.

As is common
in LLMs, longer generations of text are more likely to introduce factual inconsistencies or
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other forms of incoherence in adhering to a self-description of a single individual. Language
models, in particular “base” models, often exhibit unintended deviations over the course
of long-form generation. For example, even if the model generates that the author ”was
born and raised in California”, later in the text might discuss how the author’s current
occupation located in a different U.S. state and claim that the author had always lived
at that location. Besides the consistency of the described persona, models are also prone
to generating sequences of tokens that are contextually and thematically irrelevant: for
instance, models frequently append sentences like “The hurdy-gurdy sounds are courtesy of
stanvolger2000 from Freesound.org”, “You find your fully present to the conversation”, or
even executable code snippets (e.g. HTML or CSS), as shown in the rejected generations in
Figure 3.2. Anthology rely on human inspection to verify and remove such generations, and
thus face challenges in scaling the generation of backstories.

In response, we introduce a secondary language model acting as a critic to vet candi-
date responses generated for each interview question [176]. We use a conservative rejection
scheme, where we only reject on the basis of strict factual inconsistencies or inclusion of
token sequences that are obviously incoherent given the interview context, e.g. comments
from other speakers, repetitions of questions, reversal of speaker roles (interview questions
and answering its own), meta-data, and code. These binary checks can be easily performed
with current instruction-tuned language models such as Gemini-2.0 [60] or GPT-40 [118]
with high accuracy. Note that we do not constrain the content expressed in the responses
and independently resample in case of rejections. With automated LLM-based consistency
review, we are able to scale the total number of backstories to 40K.

Further details about the interview question used and examples of generated backstories
are described Section B.2. An analysis on the types of language use expressed in backsto-
ries, are included in Section B.4. Once the backstories are generated, we annotate each
backstory with the demographic profile of the described individual (age, education, income,
race/ethnicity, gender, and political affiliation) by administering a demographic surveys as
described in Section A.5; we then construct virtual subjects matching human respondents
in a given study through demographic matching as in [113] and detailed in Section 2.2.

3.3 Can Language Models Simulate Group
(Meta-)Perceptions?

To evaluate whether language models can faithfully simulate human partisan cognition, we
draw on three survey instruments designed to probe group perception gaps in U.S. political
partisans. We assess whether persona-conditioned LLMs can replicate key empirical findings
regarding inter-group and meta-perceptual biases—such as ingroup favoritism, exaggerated
perceptions of outgroup threat, and distorted meta-perceptions of outgroup prejudice.
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For each study, we define a corresponding perception gap and evaluate both their effect
sizes via Cohen’s d and the distributional alignment to human data via Wasserstein Distance
(WD).

Individual Opinions of Political Partisans. We utilize the survey conducted by
ATP Wave 110 [131], in which Democrat and Republican participants rate their own party
and the opposing party on several trait dimensions, including morality, intelligence, hard-
workingness, and open-mindedness. We define the hostility gap as the average difference
in trait evaluations between partisan groups—for instance, how positively Democrats rate
Democrats (e.g., “more moral,” “more intelligent”) versus how negatively Republicans rate
Democrats (e.g., “more immoral,” “less intelligent”), and vice versa. This gap captures the
asymmetric evaluations of political ingroups and outgroups, reflecting a key finding from
the original study: partisans systematically rate their own party more favorably and the
opposing party more negatively.

Ingroup—Outgroup Perceptions of Political Partisans. We incorporate the Sub-
version Dilemma study from [22], which examines participants’ expectations about whether
members of each party would engage in democratic backsliding to benefit their party’s in-
terests. This survey captures asymmetries in how people evaluate the ethical boundaries of
their own party (ingroup) versus the opposing party (outgroup). We define the subversion
gap as the difference between how Democrats perceive Republicans’ willingness to subvert
democracy and how Republicans perceive their own party’s willingness to do so. The study
finds that partisans tend to overestimate the outgroup’s propensity to engage in subversion,
exaggerating partisan threat.

Meta-Perception of Opposing Partisan Attitudes. We employ the Meta-Prejudice
study from [114] to evaluate how accurately LLMs can simulate meta-perceptions of political
partisans. We define the meta-perception gap as the difference between actual partisan
ratings (e.g., how Democrats rate themselves or Republicans) and how the opposing party
believes those ratings are made (e.g., how Republicans think Democrats rated themselves
or Republicans). The study finds that people systematically exaggerate both hostility and
favorability in these judgments—believing the other party views them more extremely than
is actually the case.

For a detailed description of the question wording, human sample characteristics (includ-
ing recruitment and sample size), and other relevant study details, refer to Section B.5. We
also conduct experiments on non-partisan topics, such as AI and emerging technologies, food
and drug, and on questions asking individual opinions; for these results, refer to Section B.3.

Baseline Methods for Conditioning LLM Personas

We adopt the QA, Bio, and Portray prompting strategies proposed by [139] as baselines.
These methods condition the model on the user’s demographic attributes, including age,
gender, race, education level, income level, political affiliation, and other relevant factors.
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Table 3.1: ATP Wave 110: Individual Attitudes toward Political Partisans. Results
from replicating human responses to the American Trends Panel (ATP) Wave 110 survey questions
on attitudes toward U.S. political partisans—Democrats and Republicans. We report the Hostility
gap (A). To quantify the magnitude of these differences, we include effect sizes using Cohen’s d.
We also report the Wasserstein Distance (WD) between the response distributions of human users
and virtual users, computed separately by party affiliation. For both the Hostility A and Cohen’s d,
values closer to the human baseline are better; for WD, lower values indicate closer alignment with
human response distributions. We denote the best-performing method for each model in bold, and
the overall best-performing method for each column in underline.

Model Persona Hostility A Hostility A Cohen’s d  Cohen’s d WD WD

ode Conditioning Democrat  Republican Democrat Republican Democrat Republican
Human 1.630 1.606 2.208 2.263 — —

QA 0.048 0.122 0.047 0.144 0.174 0.215

Bio 0.181 0.420 0.183 0.501 0.152 0.180

Mistral-Small Portray 0.444 0.390 0.439 0.447 0.154 0.156

Anthology 0.996 1.005 0.831 0.907 0.103 0.137

DeepBind 1.016 1.072 0.995 1.266 0.080 0.136

QA 0.690 0.593 0.621 0.630 0.134 0.142

Bio 0.545 0.626 0.484 0.604 0.154 0.132

Mixtral-8x22B Portray 0.550 0.631 0.655 0.742 0.111 0.169

Anthology 0.706 0.599 0.658 0.690 0.124 0.157

DeepBind 1.257 1.322 1.358 1.508 0.092 0.126

QA 0.229 0.227 0.237 0.269 0.209 0.242

Bio 0.296 0.375 0.331 0.404 0.141 0.237

Llama3.1-70B Portray 0.275 0.315 0.327 0.371 0.167 0.254

Anthology 0.384 0.822 0.355 0.852 0.137 0.157

DeepBind 0.758 1.016 0.815 1.128 0.102 0.140

QA 0.142 0.194 0.144 0.232 0.260 0.241

Bio 0.328 0.324 0.428 0.565 0.188 0.219

Qwen2-72B Portray 0.515 0.364 0.673 0.626 0.172 0.160

Anthology 0.824 0.857 0.882 1.234 0.113 0.133

DeepBind 0.702 0.935 0.999 1.556 0.094 0.143

QA 0.094 0.094 0.100 0.101 0.194 0.345

Bio 0.477 0.525 0.655 0.686 0.121 0.163

Qwen2.5-72B Portray 0.627 0.622 0.799 0.802 0.102 0.140

Anthology 0.767 0.816 0.928 0.973 0.113 0.083

DeepBind 0.699 0.943 0.973 1.253 0.081 0.140

GPT-40 Generative Agent ‘ 1.262 1.489 3.632 3.758 0.155 0.146

e QA provides a sequence of question-answer pairs for each demographic variable (e.g.,
Q: What is your political affiliation? A: Republican).

e Bio generates rule-based, free-text biographies incorporating demographic details (e.g.,
I am a Republican).
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e Portray produces similar rule-based biographies but written in the second-person per-
spective (e.g., You are a Republican).

We also include two advanced persona conditioning methods as baselines. The first
is Anthology [113], which prompts models with curated free-text backstories representing
diverse social identities. The second is the Generative Agent framework [122]. In this
method, expert LLM agents (e.g., a psychologist or political scientist agent) first analyze the
backstory to produce high-level reflections about the participant’s personality, worldview,
and motivations. These structured reflections are then used as prompts for GPT-40 to
perform chain-of-thought reasoning to predict the most likely answer the given persona would
provide for each survey question. Detailed prompts for the Generative Agent experiments
are provided in Section B.6.

Results: Simulating Individual Opinions of Political Partisans

In Table 3.1, we report results for simulating partisan opinions based on ATP Wave 110. We
evaluate a range of base language models—including Mistral-Small (24B), Mixtral-8x22B,
LLaMA3.1-70B, Qwen2.5-72B, and Qwen2-72B [111, 112, 109, 169, 170]—mone of which
are instruction-tuned or RLHF-aligned. We select these models because larger open-source
models have been shown to perform better on persona binding tasks [113, 149], and they
support very long context windows—necessary for accommodating our method’s backstories,
which often exceed 20k tokens.

Across all models, our method of backstory-based persona conditioning (Anthology) con-
sistently yields the lowest Wasserstein Distances (WD) between model- and human-generated
response distributions for both Democratic and Republican personas Because all survey items
are multiple-choice questions with ordered response options, Wasserstein distance is the ap-
propriate metric for comparing the resulting distributions. Moreover, it reports values of the
hostility gap and corresponding Cohen’s d effect sizes that are closer to human responses
than those generated by baseline prompting methods, including QA, Bio, and Portray. For
example, for Mistral-Small, our method achieves WDs of 0.080 (Democrat) and 0.136 (Re-
publican), compared to 0.174 and 0.215 under QA, respectively.

Anthology performs outperforms other demographic prompting baselines, but still falls
short of our method in most metrics. This highlights the importance of both the depth and
consistency of persona conditioning—our method improves upon Anthology by scaling up the
backstory dataset, enforcing narrative consistency using an LLM-based critic, and providing
longer, more detailed persona descriptions. In addition, model performance for Republican
personas tends to underperform relative to Democratic personas across most settings. This
pattern aligns with prior findings that LLMs tend to more accurately reflect liberal-leaning or
Democratic-aligned attitudes than conservative or Republican-aligned ones [139, 113, 149].

Generative Agent performs well on metrics measuring the hostility gap, closely matching
the mean group differences observed in human data. However, it overestimates the strength
of partisan bias: its Cohen’s d values are over 50% larger than those of humans. This
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Table 3.2: Ingroup/Outgroup Misperceptions in Political Partisans. Results from repli-
cating human responses to survey questions introduced by [22], which measure partisan misper-
ceptions about democratic subversion—i.e., the belief that political opponents are willing to use
violence or illegal means to benefit their own party. We report the Subversion gap (A) and corre-
sponding Cohen’s d. Other details are the same as Table 3.1.

Model Persona Subversion A Subversion A Cohen’s d Cohen’s d WD WD
Conditioning Democrat Republican ~ Democrat Republican Democrat Republican
Human ‘ 0.445 0.398 1.887 1.951 — —
QA 0.158 0.261 0.503 0.845 0.205 0.167
Bio 0.197 0.235 0.633 0.791 0.198 0.152
Mistral-Small Portray 0.165 0.244 0.557 0.851 0.169 0.154
Anthology 0.201 0.280 0.592 0.867 0.184 0.170
DeepBind 0.379 0.278 1.185 0.855 0.119 0.140
QA 0.273 0.140 0.928 0.410 0.126 0.234
Bio 0.258 0.126 0.818 0.414 0.192 0.235
Mixtral-8x22B Portray 0.231 0.198 0.779 0.609 0.154 0.163
Anthology 0.299 0.335 0.929 1.028 0.173 0.139
DeepBind 0.386 0.214 1.258 0.655 0.114 0.173
QA 0.147 0.136 0.489 0.448 0.168 0.152
Bio 0.140 0.124 0.489 0.445 0.204 0.166
Llama3.1-70B Portray 0.147 0.150 0.529 0.466 0.191 0.154
Anthology 0.158 0.152 0.540 0.488 0.177 0.145
DeepBind 0.193 0.158 0.658 0.526 0.105 0.164
QA 0.336 0.332 1.339 1.213 0.089 0.081
Bio 0.361 0.365 1.604 1.465 0.099 0.075
Qwen2-72B Portray 0.323 0.131 1.284 0.348 0.128 0.213
Anthology 0.326 0.231 1.262 0.787 0.103 0.172
DeepBind 0.381 0.374 1.721 1.584 0.086 0.069
QA 0.231 0.129 0.877 0.399 0.122 0.235
Bio 0.245 0.180 0.968 0.637 0.111 0.163
Qwen2.5-72B Portray 0.304 0.181 1.405 0.619 0.112 0.227
Anthology 0.351 0.376 1.284 1.603 0.137 0.107
DeepBind 0.405 0.270 1.573 0.891 0.098 0.151
GPT-40 Generative Agent ‘ 0.460 0.499 3.604 4.556 0.202 0.156

discrepancy arises because Cohen’s d is defined as the mean difference divided by the pooled
standard deviation—so a higher d despite a smaller gap implies that the model produces
much less variance in responses. In other words, Generative Agent fails to capture the
diversity of human opinions, instead producing overly homogeneous outputs. This is further
reflected in the Wasserstein Distance (WD), where Generative Agent results diverge more
from human distributions than our method. Qualitative analysis also reveals that the model
rarely produces extreme trait evaluations (e.g., “a lot more moral” or “a lot more immoral”;
see Section B.5), indicating a failure to simulate the full spectrum of ideological intensity,
especially among highly identified partisans. The detailed response distribution plots are
provided in Section B.3.
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Results: Simulating Gaps in Ingroup-Outgroup Perceptions and
Meta-Perception

Table 3.2 and Table 3.3 evaluate how well each conditioning method replicates two hallmark
perception gaps observed in human partisans: (1) the perceived propensity of the outgroup
to engage in democratic subversion (the ingroup—outgroup perception gap), and (2) the well-
documented exaggeration of outgroup hostility (the meta-perception gap).

We observe trends consistent with those in Section 3.3: our method consistently produces
results closest to human data across most of metrics. However, the performance of the
Generative Agent framework is notably weaker in these tasks—particularly due to its failure
to capture response variance, which leads to inflated effect size estimates. In Table 3.2,
for example, the subversion gap for Democrats generated by Generative Agent (0.460) is
numerically close to that of humans (0.445), yet the corresponding Cohen’s d is highly
exaggerated (3.604 vs. 1.887 in humans). This indicates that the model underrepresents
the variability of partisan opinions, distorting the true strength of the effect as discussed
in Section B.3.

More notably, in Table 3.3, several baselines—especially Llama3.1-70B and Generative
Agent—fail to capture even the correct direction of the meta-perception gap when prompted
with Bio, QA, and Portray methods. For humans, meta-perceptions overestimate partisan
evaluations, resulting in a positive gap (e.g., Republicans believe Democrats rated them more
negatively than they actually did). However, some baseline method outputs yield negative
meta-perception gaps, incorrectly implying that participants expect the opposing party to
rate them more favorably than they actually do. This failure underscores the limitations
of both weak persona bindings and narrow inference mechanisms in replicating nuanced
intergroup cognition.

3.4 What Matters in Binding LLMs to Virtual
Personas?

We conduct a series of controlled experiments to test three hypotheses on how to achieve deep
binding between language models and virtual personas. Specifically, we evaluate whether
improvements in: (1) the number of backstories, (2) the length of each backstory, and (3)
the consistency of a singular individual’s narrative lead to better alignment between model-
generated and human responses.

To quantify simulation fidelity under these controlled settings, we benchmark our method
on the Meta-Prejudice study [114] and report the Wasserstein Distance (WD) between hu-
man and model-generated response distributions, computed separately for Democratic and
Republican personas. The model we use is Mistral-Small.

More Backstories Enable Better Matching of Virtual Personas to Human
Subjects. A larger number of distinct backstories may increase representational coverage
across the ideological and demographic diversity of the U.S. population, enabling more faith-
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Table 3.3: Exaggerated Meta-Perceptions of Political Outgroup Prejudice. Results
from replicating human responses to the Meta-Prejudice study. We report the Meta-Perception
gap (A) and corresponding Cohen’s d. Other details are the same as Table 3.1.

Model Persona Meta-Perc. A Meta-Perc. A Cohen’s d Cohen’s d WD WD
ode Conditioning Democrat Republican ~ Democrat Republican Democrat Republican

Human 1.091 1.182 0.761 0.768 — —

QA 0.333 0.596 0.120 0.376 0.144 0.176

Bio 0.216 0.995 0.175 0.544 0.181 0.162

Mistral-Small Portray 0.132 0.830 0.105 0.452 0.208 0.183

Anthology 0.321 0.892 0.201 0.496 0.102 0.138

DeepBind 0.423 1.323 0.244 0.768 0.078 0.106

QA 2.220 2.917 1.101 1.552 0.217 0.255

Bio 0.917 1.618 0.496 0.874 0.181 0.208

Mixtral-8x22B Portray 0.324 1.253 0.179 0.687 0.171 0.224

Anthology 0.812 1.121 0.481 0.691 0.182 0.188

DeepBind 1.093 1.145 0.716 0.707 0.170 0.170

QA -1.415 -0.770 -0.815 -0.454 0.210 0.231

Bio -1.411 -0.843 -0.817 -0.493 0.203 0.227

Llama3.1-70B Portray -1.252 -1.508 -0.772 -0.926 0.205 0.192

Anthology 0.102 0.721 0.071 0.396 0.132 0.197

DeepBind 0.234 1.006 0.144 0.587 0.108 0.180

QA 2.711 4.449 1.675 2.796 0.142 0.253

Bio 0.499 3.710 0.320 2.248 0.093 0.227

Qwen2-72B Portray 0.459 3.323 0.317 2.088 0.103 0.209

Anthology 0.437 2.132 0.281 1.376 0.087 0.188

DeepBind 0.580 2.720 0.516 1.568 0.080 0.165

QA 2.634 4.500 1.375 2.688 0.163 0.293

Bio 0.271 0.727 0.181 0.451 0.061 0.080

Qwen2.5-72B Portray 0.553 3.031 0.392 1.679 0.072 0.174

Anthology 0.690 0.812 0.417 0.567 0.058 0.111

DeepBind 0.747 1.059 0.449 0.632 0.031 0.079

GPT-40 Generative Agent ‘ -0.171 0.408 -0.260 0.678 0.167 0.192

ful approximations of human responses. We vary the total number of backstories from 2.5k
to 41k and evaluate performance in terms of WD. As shown in the left panel of Figure 3.3,
increasing the number of backstories consistently improves simulation accuracy, with the
most noticeable gains observed for Democratic personas.

Longer Backstories Provide Richer Context of an Individual. We hypothesize
that longer backstories offer richer narrative context, allowing language models to more fully
internalize the persona’s worldview, motivations, and social identity—factors critical for
simulating group-based attitudes. To test this, we vary the number of open-ended interview
questions used to generate backstories (1, 2, 5, and 10; see Section B.2). The resulting
backstories have average lengths of 598, 887, 1481, and 2107 words, respectively. As shown
in the middle panel of Figure 3.3, longer backstories lead to lower WD, confirming that
narrative depth supports more precise model-persona binding.
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Figure 3.3: Effects of Backstory Scale, Length, and Consistency on Binding We evaluate
how three key factors—(left) the number of backstories, (center) the average length of backstories,
and (right) narrative consistency enforced through LLM-based critic review—affect the Wasserstein
Distance (WD) between model-generated and human response distributions, stratified by party.

Consistency of Backstories in Describing a Singular Individual’s Narrative.
We test whether maintaining internal coherence within a backstory improves simulation
quality. To this end, we employ an LLM-as-a-Critic filtering method that rejects inconsis-
tent backstories—those containing contradictions, thematic drift, or irrelevant artifacts (e.g.,
code fragments or formatting noise). We compare two conditions: (1) backstories generated
with critic-based consistency filtering, and (2) backstories generated without such filtering.
The right panel of Figure 3.3 shows substantial gains from enforcing consistency: WD is
reduced by 41% for Democratic personas and 54% for Republican personas. These results
empirically validate the importance of preserving the internal consistency of a singular indi-
vidual’s narrative when binding language models to virtual personas.

3.5 Related Work

Generating and Conditioning Language Model Virtual Personas Prior work has
investigated the viability of large language models (LLMs) as surrogate, virtual subjects
across diverse contexts of behavioral and social science research [177, 44, 3, 9, 154, 35,
64, 124, 139]. This growing body of research spans multiple domains—including political
science [75, 146, 59, 165, 85, 14, 13, 37], economics [50, 133, 65|, and psychology [82, 130,
19, 77, 142, 64]—where researchers use LLMs to simulate human opinions, decisions, and
behaviors.

Most existing approaches condition LLMs on demographic or personality attributes
through prompting [124, 139, 99, 70, 1, 45, 146] or fine-tuning with user metadata [37,
61, 149, 174, 95]. However, these methods largely focus on replicating individual-level opin-
ions—for instance, mirroring responses in public opinion polls—and often overlook intergroup
attitudes and higher-order beliefs, such as perceptions of outgroups or meta-perceptions of
how others view one’s own group.
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Recent work has begun to address these limitations by conditioning LLM personas
through richer context, such as LLM-generated backstories or simulated interview tran-
scripts [113, 122, 93], leading to closer approximations of human-like responses. Yet, these
methods still face challenges in achieving scalable generation of long, coherent, and internally
consistent narratives necessary for robust persona conditioning.

In this work, we propose a methodology that overcomes these limitations by enabling the
scalable generation of long-form, consistent backstories that achieve deeper persona binding
(Section 3.2). We further introduce a framework for conditioning models to accurately re-
flect ingroup perspectives, rather than merely reproducing how outgroup members describe
them. This builds on findings by [157], who report that LLMs prompted with explicit demo-
graphic labels often echo outgroup stereotypes rather than genuine ingroup self-reflections.
Similarly, while [68] show that LLMs exhibit human-like ingroup solidarity and outgroup
hostility when completing prompts such as “We are...” or “They are...,” our approach
extends this line of inquiry by quantitatively comparing LLM responses to empirical results
from established social science studies, systematically measuring both commonalities and
discrepancies between model and human behaviors.

Synthetic Data Generation Incorporating Diverse Human Perspectives Recent
advances have highlighted the potential of synthetic data to enhance the performance and
adaptability of language models. Initial work such as Self-Instruct [159] and Alpaca [153]
sparked a wave of methods that automatically generate instructional data or augment train-
ing corpora to improve LLM capabilities [168, 91, 48, 57]. Other recent work has focused
on incorporating diverse human perspectives into synthetic data generation, such as by scal-
ing to 1 billion synthetic personas [53] or using language models to construct RLHF-style
preference data [11, 110, 41].

In contrast to these approaches, our goal is not to use synthetic data for training or
instruction fine-tuning, but to condition models on persona-rich narratives that simulate
human-like patterns of social judgment. Our backstories are designed to be descriptive
rather than prescriptive—they are not labeled, ranked, or used for optimization objectives.
Whereas most prior work evaluates synthetic data by downstream task performance, our
evaluation focuses on how well persona-conditioned LLMs replicate empirically measured
perception gaps and meta-perceptions in human populations.

LLM Evaluation on Human-Like Estimation of Beliefs Recent studies have explored
the extent to which large language models exhibit Theory-of-Mind (ToM) capabilities—that
is, the ability to reason about others’ mental states, including beliefs, intentions, and per-
spectives. This line of work [173, 33, 88, 56, 78] often focuses on higher-order belief reasoning
(e.g., what one agent believes another agent knows) in controlled or narrative-based scenarios
inspired by classic false-belief tasks.

Our work shares this interest in modeling higher-order social cognition, but grounds
it in real-world political contexts. Rather than synthetic tasks, we evaluate how LLMs
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simulate group-based meta-perceptions—such as how partisans believe they are viewed by
the opposing party—drawing on survey instruments from political psychology. This extends
ToM-style reasoning into socially situated, empirically validated domains, allowing us to
assess how well persona-conditioned LLMs capture the structure of inter-group beliefs and
misperceptions observed in human populations.

3.6 Conclusion

In this work, we introduce a new LLM binding method using long-form interview-style back-
stories, that achieves deeper binding of virtual personas, capturing how individuals perceive
ingroups, outgroups, and how they believe they are perceived by others. Our experiments,
scaling to tens of thousands of diverse personas, demonstrate that virtual personas condi-
tioned in this way outperform existing baselines across multiple metrics, including perception
gap alignment, effect size reproduction (Cohen’s d), and distributional fidelity (Wasserstein
Distance). Together, our findings suggest that LLMs, when conditioned with both detailed
and coherent life narratives, can approximate not just what individuals believe, but how they
perceive others and believe they are perceived, enabling the application of virtual subjects
to broader domains of behavioral and political science — particularly in studies of group
dynamics, intergroup conflict, and democratic resilience.
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Chapter 4

Identity and Cooperation within
Groups of Real and Simulated
Humans

4.1 Introduction

Human decision making is a complex process shaped not only by rational deliberation but
also by persona, social identity and other contextual factors. Decades of research in social
psychology and political science have shown that individuals often privilege members of
their own group while withholding trust or cooperation from outgroups [152, 151, 71, 72,
162, 51]. These dynamics become especially salient in social dilemma games such as the
Dictator and Trust Games, where choices directly reveal altruism, trust, and perceptions
of reciprocity. Recent studies demonstrate that partisan identity can exert stronger effects
than race on patterns of generosity and cooperation [162], underscoring how intergroup biases
increasingly structure political and social life.

While recent large language models (LLMs) have emerged as promising tools for simu-
lating human behavior [126, 79, 1, 124, 113, 149], prior work has been limited in critical
ways. Most existing research has focused on opinion/attitude surveys rather than behav-
ior [122, 9, 139, 113] Work which has considered behavior has focused on rational decision
making without considering identity effects [167, 3, 49, 98]. This leaves a significant gap:
can LLMs simulate not just what people say, but what they actually do—particularly when
those actions are influenced by social identity?

Predicting behavior in realistic social contexts presents a fundamentally different chal-
lenge than replicating survey responses. Behavioral studies require models to generate de-
cisions that simultaneously reflect (1) individual identity characteristics, (2) perceptions of
group membership (both their own and others’), and (3) context-dependent strategic reason-
ing about cooperation and reciprocity. In particular, partisan animosity has grown steadily
from the mid-2000s to the mid-2020s, and various studies have shown stronger effect sizes
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A: Sure, | was born in the year 2000 and was raised by a single mother in a small town outside
of Seattle. Growing up, my mother worked hard to provide for me ... l identify as a
conservative and believe in protecting our nation’s security through strong foreign policies. |
am also in favor of lower taxes so as to stimulate the economy and job creation ...
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Question: In this task you have $10. You must decide how much to keep for yourself and how
much to give to another person. In this task, the only information we can give you is that the
other person identifies politically as a {Democrat/Republican}. Whatever you send to the
other person will be given to them if they are selected to receive a payment. Whatever you
keep for yourself will be paid to you if you are selected to receive a payment. Please make your
decision.

How much money do you want to send to {DEMOCRAT/REPUBLICAN}?
Answer:
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Figure 4.1: Socio-temporal Persona Conditioning for Simulating Human Decision Mak-
ing. Can LLMs simulate not only human opinions/attitudes, but also actions, in particular how
actions reveal systematic biases rooted in social identity? We propose Temporal Grounding and
Consistency Filtering on top of narrative identity conditioning via synthetic backstories, yielding
LLM virtual personas that reproduce study findings on nuanced human decision influenced by con-
textual and group perception biases.

for partisan disparities in recent years [162, 71, 72]. So we explore the date of the study as
an additional contextual factor in this work.

In this paper, we explore how well LLMs can model human behavior including identity
and temporal context. Specifically, we explore how well LLM virtual personas can repro-
duce co-partisan favoritism in resource allocation and trust decisions. We introduce two
prompting strategies: Consistency Filtering, which reiterates persona identity and group
membership throughout long simulations, and Temporal Grounding, which situates simula-
tions in the year corresponding to the original human study. We evaluate these methods

using backstory-conditioned pretrained models, which remains the most accurate zero-shot
simulation method. [113, 79, 156],
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Our results show that deep backstory binding, temporal grounding and consistency check-
ing improve alignment between LLM-simulated actions and human empirical data. These
approaches contribute to an ever-more accurate toolkit for human simulation. In the present
case, it allows us to explore the disparities in results between human replication studies of the
same phenomenon but with subtly different experiment design. We can compare effects of
obvious differences like the year of study, and more subtle differences like the exact wording
of experiment instructions.

4.2 Why Pretrained LLMs 7

Here we discuss our rationale for simulating users with pretrained language models (aka
base models) rather than fine-tuned chat models. To be precise, a pretrained model is the
first stage of modern LLM training, where the model is trained with next-token or masked
token loss on an enormous corpus of training data, typically terabytes, including a significant
amount of human dialog data. It is the most expensive step in training current models. Prior
studies [79, 113, 149, 139] have shown that carefully-prompted pretrained models outperform
instruction-tuned variants in human simulation tasks. But it is not just a question of accuracy
but of fair representation. Instruction-tuning biases models away from fair representation of
people, as we shall see in a moment.

First of all, it’s important to understand that pretrained models are not “agent models”
in the same way that instruction-tuned models are, see Figure 4.2. Pretrained model data
consist of billions of text snippets with latent (hidden) context information such as the
speaker, listener and other contextual factors. They therefore exactly model the “voices” of
billions of users in billions of contexts.

To “bind” or “steer” a pretrained model to a particular speaker and context, it suffices
to provide sufficient context in a text prompt, and the model will faithfully extend the text
from that speaker/context. There are some challenges in doing this reliably, but we address
those in a moment. But its important at this stage to reflect on how well pretrained models
fit to the task of simulating an enormously diverse population of people. If one were to
design a human simulation model from scratch it would arguably be a pretrained model.

But the natural context-dependence of pretrained models, an asset for human simula-
tion, is a liability in agent applications. Unless the speaker, listener and context are fully-
constrained, the LLM will sample from a posterior of contexts that fit the text prompt so far,
and give different responses based on that sampling. After pretraining, LLM training com-
prises several QA-prompt optimization stages that remove the pretrained model’s context
dependence, freezing the model’s identity to a “helpful agent” persona, the user’s identity
to “general user”, and the context to whatever can be inferred within the current chat ses-
sion. The model is intentionally steered away from diversity in agent personality, emotion,
complex social goals etc, so as to maximize the model’s repeatability on a given prompt.

The effects of this later I'T model training can be seen in Figure 4.3. By their nature,
post-training datasets are much smaller than pretraining data. It is not possible to preserve
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Pretrained Models Instruction-Tuned Models

This Photo by Unknown Auth;r is licensed under CC BY

Mixture of Voices Single Voice
Context-Dependent: Context-Independent:
* Speaker traits * Helpful agent traits

* Listener traits * Marginalize user traits
* What/where/when? * In-session context

Figure 4.2: Conceptual illustration of the differences between pretrained and fine-
tuned language models.

the high accuracy of PT models on human dialog during later training, and this can be seen
in the difference in perplexity between various base models and their I'T variants on human
dialog data. Typical increases are 50% to 100% for the I'T models. Note also that the best
pretrained models have single-digit perplexities, which is extraordinarily low for English text.

Finally the effects of IT model tuning are not uniformly distributed across personal
traits, but rather weaken or eliminate negative human traits, and thereby under-represent
individuals that have them. In fact, the effect is so strong that it is likely that most users
are not represented. We call this the Lake Wobegon Effect (everyone is above human
average in the resulting IT-model cohort).

For example, in [93] the authors found that in IT-model generated virtual personas “sen-
timent becomes more positive with more LLM-generated details, with descriptive persona
showing significantly more positive sentiment polarity.” And that “Notably absent are terms
reflecting life challenges, social difficulties, or negative experiences, suggesting LLMs may be
systematically avoiding less favorable characterizations.” The authors then go on to describe
a variety of biases in results generated by I'T models on these personas, concluding that such
simulations are almost never in agreement with human studies. Like many recent works, the
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Model Per Token Perplexity on Human Reddit Data
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Figure 4.3: Per-token perplexity of base and instruction-tuned models on human
Reddit data. Instruction-tuned models (orange on right) exhibit substantially higher perplexity
across all model families, compared to same-sized pretrained variants (blue on left).

authors attribute these biases to LLMs in general, rather than the (expected) biases from
instruction-tuning. The authors rightfully point out the dangers of using the outcomes from
such simulations for decision making, but over-attribute those dangers to all LLMs. Rather,
their results are an argument against simulation with I'T models. Such biases are not shared
by PT models, which instead capture an extraordinarily diverse collection of human traits.

4.3 Identity Binding in LLM Personas

We have seen that PT models are naturally contextualizable by prompting, but such prompts
must be sufficiently detailed to capture an individual human “voice”. We use the “anthology”
approach described here [113] and evolved here [79]. In particular [79] showed that longer
backstories create deeper persona binding and improved accuracy in a social attitude test.

LLM Personas via Narrative Backstories

Each persona backstory is generated by interviewing a PT model. The backstories used in
this experiment are provided in Section C.1. The interview questions are drawn from the
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American Voices Project [147]. For accurate text generation relative to PT model train-
ing data, the models are run at decoding temperature (1.0). However, not all PT model
training data is human dialog, and neither is PT-model generated output. So we must
rejection-sample non-dialog results using an instruction-tuned critic. These include code
blocks, markup, factual inconsistencies, and non-dialog text structure, similar to [79]. The
details and examples of the generated backstories are provided in Section C.1. Demographic
traits of each virtual persona are then extracted from their profile using multi-choice ques-
tions.

After creating the backstories and demographics, individual human subject demographics
(which were kindly provided by the authors of the human studies below), are matched against
all virtual subjects to find the closest virtual subject. This pool of matching virtual subjects
are given the same text prompts as were the human subjects.

Temporal Grounding and Consistency Filtering

We add two prompting methods—Temporal Grounding and Consistency Filtering—to
improve the fidelity and stability of simulations.

Temporal Grounding situates each simulation in the year the corresponding human study
was conducted. The date is bound to the persona with a forced QA pair “Interviewer: What
Year is it?”, “Model: 2007”. We were motivated to study temporal grounding by [162],
which obtained larger partisan effects than [72], and conjectured that they were due to a
national increase in partisanship over that time.

Consistency Filtering is used to mitigate a variety of flaws in pretrained LLM output.
The main goal is to mitigate pretrained models short training context lengths, which can
lead to pivots from previous statements. However Consistency Filtering prompts must be
designed and used with care. Real humans are often inconsistent, e.g. because of mental
health issues, dementia, deception etc.

4.4 Can LLMs Simulate In-/Out-group Biases in
Decision Making?

To investigate whether large language models (LLMs) can replicate known human patterns of
partisan trust and discrimination, we simulate two widely used behavioral economics games:
the Dictator Game and the Trust Game. These games have been used in prior political
science research to uncover affective polarization, or the tendency of partisans to exhibit
more favorable behavior toward in-group (co-partisan) members and less favorable behavior
toward out-group (rival partisan) members.
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Decision Asymmetry in Dictator Games

Dictator Game. In this game, one participant (the “dictator”) decides how to divide a
fixed amount of money between themselves and another participant.

Prior studies [51, 72, 162 use this setup to measure altruism across party lines. The
key finding is that partisans are significantly more generous toward co-partisans than rival
partisans. For example, [51] find that participants allocate more to co-partisans than to
opposing partisans in dictator games, even at personal cost—highlighting the role of partisan
social identity. Stronger identifiers show more pronounced in-group favoritism, and both
altruism and identity-based giving are linked to higher political participation. Additionally,
[72] report that Democrats and Republicans both allocate more money to in-group recipients.
More strikingly, the size of this partisan bias surpasses racial bias in equivalent dictator game
setups, suggesting that political identity may be a stronger determinant of social preferences
than race.

Previous studies consistently show that partisan trust gaps have widened over time. [72]
found that political identity now predicts discriminatory behavior more strongly than race.
[162] extended these findings into the Trump era, showing that partisan animosity has only
intensified These patterns suggest that affective polarization has become a defining feature
of American social and political life.

Dictator Game (Iyengar & Westwood. 2015)

Question: This game is played by pairs of individuals. Each pair is made
up of a Player 1 and a Player 2. Each player will have some information
about the other player, but you will not be told who the other players are
during or after the experiment.

The game is conducted as follows: A sum of $10 will be provisionally allo-
cated to Player 1 at the start of each round. Player 1 will then decide how
much of the $10 to offer to player 2. Player 1 could give some, all, or none
of the $10. Player 1 keeps all money not given to player 2. Player 2 gets
to keep all the money Player 1 offers.

The computer has randomly assigned you to play as Player 1. You will
play this game once with another person. The more money you
obtain, the more successful you will be.

You are Player 1. You have $10. You can split the money between yourself
and Player 2 in any way you want.

Information about the Player 2
- Political party: {Republican/Democrat}

So put the dollars you wish to go to Player 2.
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Dictator Game (Whitt et al. 2021)

Question: In this task you have $10. You must decide how much to keep
for yourself and how much to give to another person. In this task, the only
information we can give you is that the other person identifies politically as
a {Republican/Democrat}. Whatever you send to the other person will be
given to them if they are selected to receive a payment. Whatever you keep
for yourself will be paid to you if you are selected to receive a payment.
Please make your decision.

How much money do you want to send to { REPUBLICAN/DEMOCRAT}?

Experimental Setup and Metrics. To operationalize our question of “Can LLMs sim-
ulate nuanced patterns of human decision making” in the context of dictator games, we
propose metrics around reproducing key study findings from prior work with human par-
ticipants [72, 162]. We define the in-/out-group trust asymmetry in dictator games as the
difference in mean transfer amounts allocated to co-partisans versus rival partisans. This
metric captures the degree of preferential treatment exhibited toward political in-groups. As
our studies have focused on bipartisan political systems in the U.S., we consider success in
replicating the same difference of in/out-group decisions as humans, for both Democrat and
Republican participants and take the average.

In our experiments, we measure textual response by pre-trained language models given
the same question prompt used in prior studies for human participants. Details of the
prompts for [72] and [162] are included above. As in the case of human participants, we
expect language models to vary in response patterns subject to the particular prompt used;
in our results, we study how models may yield close approximation of human responses given
changes to the prompts used in studies as well as the temporal context (i.e. year of which
study was conducted).

Baseline. We adopt the QA, Bio, and Portray prompting strategies from [139] as baselines.
Each method conditions the model using demographic attributes such as age, gender, race,
education, income, political affiliation, and other relevant factors.

e QA presents a series of question—answer pairs for each demographic variable (e.g., Q:
What is your political affiliation? A: Republican).

e Bio generates rule-based free-text biographies written in the first person (e.g., I am a
Republican).

e Portray produces similar biographies but written in the second person (e.g., You are
a Republican).
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Decision Asymmetry in Trust Games

Trust Game. This game involves two players: a sender and a receiver. The sender de-
cides how much money to send to the receiver, with the amount tripled in transit; the
receiver then decides how much to return. This game measures both trust (by the sender)
and trustworthiness (by the receiver). Studies show that senders are more likely to trust
co-partisans, and expect more generous returns from them [162]. Again, affective polariza-
tion is robust—individuals systematically treat rival partisans as less trustworthy, even in
anonymous economic exchanges.

Experimental Setup and Metrics. Similar to dictator games, we seek to reproduce
in-group preferences from prior human studies [28, 162].

The main difference from the dictator game is that the Trust Game involves both the
sender’s disposition toward the receiver, and also their belief about the receiver reciprocat-
ing. This makes the task more complex: models must capture both ingroup trust (greater
willingness to send money to co-partisans) and ingroup expectations (belief that co-partisans
will return more).
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Trust Game (Carlin & Love 2016)

Question: In this game, there are two players: “Player 1”7 and “Player 2.”
You are Player 1.

Player 2, like you, received 10 raffle tickets to participate in the study. You
will not be told who this person is either during or after the survey (nor
will that person be told who you are). We have chosen to give you one
piece of information about Player 2:

Player 2 identifies politically with the {Democratic/Republican}
Party.

Today, you will have the opportunity to send some, all, or none of 10 raffle
tickets to Player 2. This person will then keep the tickets sent to them, if
any, and you keep the remainder.

The game is as follows:

1.) You must decide how many raffle tickets (if any) you will send to Player
2. Any amount you keep for yourself will be given to you.

2.) Whatever amount you send to Player 2 will be tripled before it is
passed on to Player 2. Player 2 then has the option of returning any
portion of this tripled amount to you. Then the game is over.

For example:
(a) If you send 1 ticket, Player 2 receives 3 tickets.

(b) If you send 5 tickets, Player 2 receives 15 tickets.

These are examples only. To review, any number of tickets you send will
be tripled and given to Player 2. This person will keep the tickets you send
them, minus the number of tickets they return to you. Your payoff in this
game is the number of tickets that you kept for yourself, plus any tickets
Player 2 returned to you. Once you understand this game, and are ready
to make a decision, select the amount from the options below.
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Trust Game (Whitt et al. 2021)

Question: In this task you have $10. You must decide how much to keep
for yourself and how much to give to another person. The only informa-
tion we can give you is that the other person identifies politically as a
{Republican/Democrat}.

Whatever you keep for yourself will be paid to you if you are selected
to receive a payment. Whatever you send to the other person will be
multiplied by 3 and then given to the other person. The other person then
has the option to give money back to you.

For example:
e If you keep $10, then the other person receives $0.

e If you send $10, then we multiply that sum by 3 ($10 x 3 = $30) and the
other person receives $30.

e The other person then decides how much (if any) of the $30 to give back
to you.

— If the person keeps all $30, then you receive $0.

— If the person returns half, then you and the other person receive $15
each.
How much money do you want to send to { REPUBLICAN/DEMOCRAT}?

We use the same persona conditioning baselines as in the dictator game—QA, Bio,
Portray —as well as our proposed DeepBind method. For each method, we compute A
metrics separately for Democratic and Republican senders, measuring the difference in the
amount sent to co-partisans versus opposing partisans. Higher A values indicate stronger
partisan bias in trust behavior. Our evaluation focuses on how well the models replicate
these empirically observed asymmetries in trust across party lines.

4.5 Experimental Results

Comparison with Baselines

Table 4.1 reports the simulated partisan bias observed in Dictator and Trust Games across
three large language models—Mistral-Small (24B), Mixtral 8x22B, and Qwen-2.5 72B [111,
112, 170]—under various persona conditioning methods. We use both Consistency Filtering
and Temporal Grounding for all cases. We compare four prompting strategies: QA, Bio,
Portray, and our proposed DeepBind.

Across all models and games, the DeepBind method consistently produces simulated
behavior that more closely replicates human partisan gaps (A values). In the Dictator
Game, DeepBind achieves the highest alignment with human behavior for both Democrats
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Table 4.1: Simulating Partisan Bias in Dictator and Trust Games [72, 162, 28|.
Dem A measures the difference in the amount of money Democratic participants allocate
to co-partisans versus opposing partisans. Similarly, Rep A captures the same difference for
Republican participants. The best-performing method for each model is shown in bold, and
the overall best for each column is highlighted with underline.

Dictator Game Trust Game
Model Method [72] [162] [28] [162]
Dem A Rep A |Dem A Rep A | Dem A Rep A | Dem A Rep A
QA 0.79 0.15 2.21 1.71 0.91 1.17 1.19 1.06
Bio 1.05 0.11 2.00 1.46 1.07 0.43 2.20 1.28

Mistral-Small (24B) = o o oo | 050 080 | 214 152 | 023 114 | 186 0.88

Anthology | 0.86 0.58 2.86 2.08 0.83 1.37 1.49 2.00

QA 0.26 0.22 2.15 1.87 1.07 0.99 1.92 0.54
Bio 1.04 0.18 1.83 1.65 0.02 1.41 2.21 0.53
Portray 0.28 0.24 1.83 1.70 0.56 0.86 1.41 0.95
Anthology | 0.70 0.60 2.62 2.37 0.65 1.04 2.26 1.31

Mixtral 8x22B

QA 166 026 | 214 160 | 096 057 | 151  0.65

Bio 089 029 | 18  1.23 | 047 043 | 160 113

Qwen-2.5 728 Portray | 1.07  0.12 | 1.77 142 | 040 072 | 179 108
Anthology | 0.72  0.73 | 2.58 187 | 0.60 097 | 224 138

Human | 0.66 068 | 246 233 | 065 122 | 211 176

and Republicans in most cases. For example, in the 2019 study by [162], DeepBind yields the
highest Republican A for all models and the highest Democratic A for Mixtral and Qwen.
In the 2014 study [72], Qwen with DeepBind nearly matches the human-level Democratic A
(0.72 vs. 0.66), while Mixtral with DeepBind performs best among its peers (0.70).

In the Trust Game, DeepBind also performs strongly. For instance, Mistral with Deep-
Bind achieves the highest Republican A (2.00), outperforming other methods and closely
matching the human value (1.76). On Mixtral, DeepBind produces the best Democratic A
(0.65), which is identical to the human benchmark. Qwen with DeepBind similarly produces
strong A values, including the highest Republican A (1.38) across all models for the 2019
Trust Game.

Overall, the DeepBind improves partisan bias simulation robustness across both ideolog-
ical groups and experimental settings. While other methods may occasionally outperform
DeepBind on isolated metrics, DeepBind achieves the most consistent alignment with human
partisan behavior across all four studies and both games.
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Table 4.2: Ablation: Effects of Socio-Temporal Grounding in Simulating Dicta-
tor Games [72, 162] Results from replicating human actions in dictator games, where
human participants exhibit favoritism towards co-partisan recipients. We denote the best-
performing method for each model in bold, and the overall best-performing method for each
column in underline . The number in the parentheses is the 95% confidence interval of the
estimate.

Model Method ‘ Dem—Dem Dem—Rep Dem A ‘ Rep—Rep Rep—Dem Rep A ‘ Mean Diff. A
No date, No consistency | 4.62 (0.20) 3 96 (0.19)  0.66 | 4.01 (0. 22) 4.01 (0.20)  0.00 0.33
- Consistency 4.55 (0.19) 3.97 (0.19)  0.58 |4.13(0.21) 3.90 (0.20)  0.23 0.41
Mistral-Small (24B) Date (2014) 435 (0.19) 417 (0.20)  0.18 | 4.28 (0.21) 4.19 (0.20)  0.09 0.14
Date (2014) + Consistency ~ 4.56 (0.19)  3.70 (0.20) 0.86 3.95 (0.21) 3.38 (0.20)  0.58 0.72
Human (2014) [72] 382 (0.21) 3.14(0.21) 068 |3.36(0.21) 2.68 (022) 0.68 0.68

Model Method ‘ Dem—Dem Dem—Rep Dem A ‘ Rep—Rep Rep—Dem Rep A ‘ Mean Diff. A
No date, No consistency | 4.13 (0.22) 2.84 (0.20)  1.29 | 3.70 (0.23) 2.70 (0.20)  0.99 1.14
e Consistency 420 (0.22) 2.36 (0.19)  1.84 | 4.14 (0.24) 274 (0.22)  1.40 1.62
Mistral-Small (24B) Date (2019) 406 (0.22) 256 (0.19) 150 | 3.59 (0.23) 2.59 (0.19)  1.00 1.25
Date (2019) + Consistency  4.79 (0.22) 2.63 (0.20)  2.16 | 4.83 (0.23) 2.23 (0.20)  2.60 2.38
Human (2019) [162] 5.37(0.22) 2.91(0.22) 246 |4.68 (0.25) 235 (0.23) 2.33 2.40

Table 4.3: Ablation: Effects of Socio-Temporal Grounding in Simulating Trust
Games [28, 162] Results from replicating human actions in trust games, where human par-
ticipants exhibit favoritism towards co-partisan recipients. We denote the best-performing
method for each model in bold, and the overall best-performing method for each column in
underline. The number in the parentheses is the 95% confidence interval of the estimate.

Model Method ‘ Dem—Dem Dem—Rep Dem A ‘ Rep—Rep Rep—Dem Rep A ‘ Mean Diff. A
No date, No consistency | 4.01 (0.23) 3.98 (0.22)  0.04 | 3.63 (0.34) 3.58 (0.33) 0.05 0.04
Mistral-Small Consistency 3.83(0.23) 3.77 (0.21)  0.06 | 4.27 (0.22) 3.66 (0.34)  0.61 0.33
o Date (2015) 4.16 (0.23) 3.32(0.22) 0.83 |3.61(0.34) 3.76 (0.34) -0.15 0.34
Date (2015) + Consistency | 4.20 (0.21) 3.70 (0.21)  0.50 | 4.49 (0.31) 3.13 (0.33) 1.37 0.94
Human (2015) [28] | 429 (0.25) 3.64(0.25) 0.65 |4.40 (0.35) 3.18 (0.35) 1.22 | 0.93

Model Method ‘ Dem—Dem Dem—Rep Dem A ‘ Rep—Rep Rep—Dem Rep A ‘ Mean Diff. A
No date, No consistency 5 28 (0.23) 3.60 (0.22)  1.68 | 4.79 (0.23) 4.23 (0.24) 0.56 1.12
Mistral-Small Consistency 12 (0.22) 3.59 (0.22)  1.53 | 5.08 (0.24) 3.83 (0.23) 1.25 1.39
o Date (2019) 4 97 (0.23) 3.87(0.23) 1.10 |5.07 (0.25) 4.00 (0.24) 1.06 1.08
Date (2019) + Consistency | 5.02 (0.23) 3.53 (0.22) 149 | 4.97 (0.24) 2.97 (0.22)  2.00 1.75
Human (2019) [162] | 499 (0.21) 2.88(0.20) 211 |4.65(0.23) 2.89 (0.21) 1.76 | 1.94

Ablation Study: Effects of Temporal Grounding and Consistency
Filtering

We conduct an ablation study to assess the individual and combined contributions of Tem-
poral Grounding and Consistency Filtering when prompting LLMs to simulate partisan bias
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in both dictator and trust games. We adopt the same experimental protocol as in our main
experiments, focusing on Mistral-Small (24B) to isolate architectural factors.

Dictator Game. In both the 2014 [72] and 2019 [162] replications of the dictator game
(see Table 4.2), we observe that the addition of either Temporal Grounding or Consistency
Filtering improves alignment with human partisan gaps compared to the base condition
without either technique. Notably, combining both Temporal Grounding and Consistency
Filtering achieves the best performance. For the 2014 replication, this configuration yields
a Mean Diff. A of 0.72, surpassing the human baseline of 0.68. Similarly, in the 2019 [162]
replication, the combined setup achieves a Mean Diff. A of 2.38—closely approximating the
human gap of 2.40. These results suggest that providing models with both temporal context
(via Temporal Grounding) and consistency enforcement improves their ability to reproduce
partisan favoritism.

Trust Game. A similar trend is observed in the trust game simulations (Table 4.3). Across
both the 2015 [28] and 2019 [162] human studies, models prompted with both Temporal
Grounding and Consistency Filtering yield the most faithful replications of human parti-
san bias. In the 2015 setting [28], the combined prompt produces a Mean Diff. A of 0.94,
closely matching the human baseline of 0.93. In the 2019 setting [162], the same configura-
tion achieves a Mean Diff. A of 1.75—again nearly aligning with the human value of 1.94.
Interestingly, Consistency Filtering alone provides stronger gains than Temporal Grounding
alone in some cases (e.g., increasing the Rep A from 0.05 to 0.61 in 2015), highlighting its
role in reducing intra-persona variance.

Takeaways. Overall, the results demonstrate that both Temporal Grounding and Consis-
tency Filtering contribute meaningfully to simulating human-like partisan behavior. While
each technique provides improvements on its own, their combination consistently outper-
forms either in isolation across all settings. This indicates that modeling temporal context
and enforcing persona coherence are both critical in capturing subtle intergroup dynamics
in political simulations.

Exploring Experiment Reproducibility

Reproducibility of human studies is a challenge in the social sciences. While most experi-
ments focus on a main effect, there are other contextual factors which can significantly affect
the result and make it difficult to obtain a similar effect size, or even the same hypothesis
outcome (supported or rejected) in a subsequent experiment. The present studies are very
typical, and are influenced by Date (Year), Framing (wording), and Participant Pools
(demographics). An intriguing and entirely new possibility enabled by LLM simulation is
to counterfactually explore the effects of these factors.
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Table 4.4: Counterfactual combinations of date, framing, and subject pool in
Dictator and Trust Games. Each panel reports all possible recombinations of the three
core experimental components drawn from two studies: subject pool, framing text, and
study year. Column labels indicate the source studies: ID = Iyengar & Westwood (Dictator
Game), WD = Whitt et al. (Dictator Game), CT = Carlin & Love (Trust Game), WT
= Whitt et al. (Trust Game). The gray rows at the top and bottom of each panel show
the original human experimental results from the earlier and later studies, respectively.
The first highlighted row in each panel corresponds to the counterfactual configuration that
exactly reproduces the earlier study’s design, while the final highlighted row corresponds to
the configuration that reproduces the later study’s design. All intermediate rows represent
additional counterfactual combinations not observed in human experiments.

Counterfactuals Partisan Bias

Subject Pool | Framing | Year

|

| Dem A Rep A Avg A
ID| WD | ID | WD | ID (2014) | WD (2019) |

|

Iyengar’s Dictator Game 0.68 0.68 0.68

v v v 0.86 0.58 0.72
v v v 1.09 1.15 1.12
v v v 1.58 1.96 1.77
v v v 1.84 2.75 2.29
v v v 1.05 0.52 0.79
v v v 1.15 0.59 0.87
v v v 1.67 1.88 1.78
v v v 2.16 2.60 2.38
Whitt’s Dictator Game \ 2.46 2.33 2.40
Counterfactuals Partisan Bias
Subject Pool | Framing | Year

Dem A Rep A Avg A

|
|
CT | WT | CT | WT | CT (2015) | WT (2019) |
|

Carlin’s Trust Game 0.65 1.22 0.93

v v v 0.50 1.37 0.94
v v v 1.26 0.81 1.04
v v v 1.19 1.65 1.42
v v v 1.21 2.08 1.65
v v v 1.01 1.60 1.31

v v v 1.31 1.62 1.47

v v v 1.42 1.79 1.61

v v v 1.49 2.00 1.75
Whitt’s Trust Game | 2.11 1.76 1.94

Date, Framing and Subject Main Effects

The two Dictator Game studies [72, 162] differ in three key contextual factors: the year of
data collection, the exact wording of subject instructions, and the subject pool from which
participants were recruited. In human research, these factors are necessarily bundled to-
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gether: each study instantiates only one combination of (year, framing, population), making
it impossible to separately identify their causal contributions.

LLM-based simulation changes this methodological limitation. Because the model can be
instructed to vary each component independently, we can populate the full 2 x 2 x 2 factorial
design for every study. This produces eight counterfactual combinations per game, only two
of which correspond to real human experiments. The resulting estimates are displayed in
Table 4.4. The highlighted diagonal rows reproduce the exact configurations of the original
studies and align closely with empirical human outcomes.

The remaining counterfactual rows enable us to compute classical factorial ANOVA main
effects for each contextual variable. For example, averaging over all combinations of framing
and population, the Dictator Game shows a sizeable year effect: moving from 2014 to 2019
increases partisan discrimination by approximately 40.40 points. The framing effect is
even larger: switching from Iyengar-style instructions to Whitt-style instructions changes
the predicted partisan gap by roughly +1.18. By contrast, the subject-pool effect in
the Dictator Game is minimal (—0.02), indicating that the model is far more sensitive to
sociopolitical wording and temporal context than to the demographic composition of the
recruited sample. The Trust Game exhibits the same qualitative pattern, though with smaller
magnitudes. The year effect is +0.16, the framing effect +0.42, and the population effect
+0.27. The detailed Factorial ANOVA results are provided in Section C.2. These results
show that all three factors exert meaningful influence, but instructional framing and temporal
context dominate the variance in both games.

Taken together, these counterfactual decompositions reveal an important regularity:
faithful reproductions of human behavior occur only when the simulated study exactly matches
the original year, framing, and population. Counterfactuals—those that mismatch the his-
torical moment or the instructional wording—produce systematically inflated (as in [72])
or deflated (as in [162]) estimates of partisan bias. This pattern suggests that LLM-based
behavioral responses are highly context-sensitive, and that correctly specifying situational
variables such as date and framing is essential for obtaining accurate computational replica-
tions of political behavior experiments.

4.6 Related Work

LLMs for Simulating Human Behavior

Recent research has highlighted the potential of pretrained large language models as models
for simulating human-like cognition and behavior over a wider range of topics, from political
science [75, 146, 59, 165, 85, 14, 13, 37], economics [50, 133, 65], to psychology [82, 130,
19, 77, 142, 64, 150, 134]. By conditioning to virtual personas, these models can mimic
patterns of human reasoning and social interaction across diverse contexts [124, 122]. Most
studies, however, have focused on taking this approach to replicating human responses in
the context of attitudinal surveys, notably cross-sectional opinion polls [139, 9, 122, 113,
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149]. Instead, our work extends the analysis of LLM-based simulations to behavioral choice
prediction, seeing if models can replicate patterns of not what people say but in fact, actually
do. We show how socio-temporal grounding of virtual personas can achieve deep binding of
LLMs to enable nuanced behavioral tendencies that people show when faced with decision
making under the effects of contextual biases and social identity.

Behavioral Games with LLMs

LLM-driven agents have also been explicitly tested in classic game-theoretic scenarios to
gauge how well they emulate human decision patterns [3, 23, 49, 6]. For example, [90, 158,
98, 144] has investigated the cooperative behavior of LLMs in game environment and have
shown that models can qualitatively reproduce human-like choices and biases in canonical
economic experiments, such as honoring reciprocity in trust dilemmas and exhibiting risk-
aversion consistent with status quo bias [65, 167, 115]. Altogether, however, prior work has
focused on asking if LLMs replicate typical action behavior or rational game play behaviors
and have overlooked the intricate ways that social identity and contextual biases play in a
role in decision making.

In this work, we test LLM agents under the lens of replicating well-established human
studies on the interplays of social identity and altruistic behavior in Dictator and Trust
games, where political ideology is shown to greatly influence human player decisions. Do
LLMs show the same patterns of partisan bias? Our results show that it is in fact difficult to
reproduce human-like patterns of decision making, and both temporal context and internal
consistency is required for models to faithfully reproduce study results.

4.7 Conclusion

We present a framework for simulating human sociopolitical behavior in language models by
conditioning them on richly constructed backstories derived from life-narrative interviews.
Our method enables virtual personas to exhibit stable and demographically consistent pat-
terns of opinion and intergroup bias across a variety of political cognition tasks. Through
experiments replicating classic studies in affective polarization, partisan trust, and meta-
perception, we demonstrate that these personas reproduce key findings from human surveys
with high fidelity. Additionally, we show that virtual personas can be matched to real-
world populations to approximate survey response distributions at scale. Taken together,
our results suggest that persona-conditioned LLMs hold promise as a tool for augmenting so-
cial science research—especially for simulating hard-to-reach populations and probing latent
social biases in a controlled, reproducible manner.
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Chapter 5

Conclusion

This dissertation presented a unified framework for simulating human cognition and behavior
via pretrained large language models (LLMs) conditioned on coherent narrative backstories.
Motivated by ethical, economic, and methodological challenges in traditional human-subject
research, this work introduced practical solutions for constructing, validating, and applying
virtual personas in social-scientific contexts. The overarching goal has been to establish how
suitably trained LLMs, when properly grounded in demographic and psychological context,
can serve as scalable and responsible instruments for behavioral inquiry.

Summary of Contributions

Empirical validation of pretrained models for persona binding. Pretrained base
models offer distinctive methodological advantages for persona-based behavioral simulation.
Trained on vast, heterogeneous corpora authored by countless individuals, they internalize
a rich “mixture of voices” that naturally reflects diverse linguistic styles, social identities,
and situational contexts. As illustrated in Figure 2.1, this diversity enables base models to
remain sensitive to contextual cues—such as speaker identity or narrative framing—and to
shift flexibly across perspectives when conditioned on backstories.

Crucially, pretrained models are optimized purely through next-token prediction, which
causes them to treat backstories as ordinary textual context and internalize them directly
through prefix conditioning. This allows virtual personas to be bound seamlessly by placing
the narrative before the query, without interference from external alignment objectives. By
contrast, instruction-tuned or chat models impose a single, context-independent “helpful”
voice that frequently overrides persona cues with safety, politeness, or normative alignment
behaviors. As demonstrated in Section 2.3, such models often collapse the heterogeneity
of simulated populations and produce distorted or homogenized opinion distributions. Pre-
trained base models therefore provide the most faithful substrate for constructing virtual per-
sonas, preserving natural variation and enabling controlled manipulations of demographic,
contextual, and psychological factors.
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Narrative grounding of LLM personas. We developed a pipeline that generates back-
stories representing realistic life trajectories and demographic attributes, enabling stable
and diverse persona formation. The method formalizes persona conditioning as a binding
problem between narrative identity and model behavior. Looking ahead, we plan to ground
backstory construction more directly in established psychological protocols—most notably
McAdams’ Life Story Interview framework® [108], which offers a structured approach for
eliciting narrative identity and will guide future extensions of this work.

Population-scale opinion modeling. Using Pew Research Center’s American Trends
Panel as reference, Chapter 2 demonstrated that backstory-conditioned models reproduce
population-level opinion distributions more faithfully than conventional prompt-based or
instruction-tuned baselines. The results show higher inter-item consistency and demographic
controllability, establishing the viability of synthetic population simulation.

Deep social identity binding. Chapter 3 examined longer and more coherent narratives
that sustain personality and group identity across prompts. Reinforcing narrative consistency
reduced within-persona divergence and accurately reproduced partisan asymmetries observed
in human attitude data, showing that coherence depth is critical for representing social
identity.

Action prediction in social dilemmas. Chapter 4 extended the approach to decision-
making contexts such as Dictator and Trust games. Incorporating temporal cues and political
identity produced cooperative and strategic behaviors aligned with empirical human data,
indicating that narrative grounding generalizes from attitudinal to behavioral domains.

Impact and Broader Significance

Together, these studies advance the methodological foundation for human-aligned simula-
tion with LLMs. By combining narrative realism with demographic control, the framework
addresses three enduring challenges in behavioral research: ethical responsibility (through
virtualized participation consistent with the Belmont Principles), cost scalability (reducing
dependence on high-expense recruitment), and validity (improving representativeness and
statistical reliability). The approach offers a middle ground between purely theoretical so-
cial modeling and resource-intensive human experimentation.

'https://cpb-us-el.wpmucdn.com/sites.northwestern.edu/dist/4/3901/files/2020/11/
The-Life-Story-Interview-II-2007.pdf
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Limitations and Responsible Use

While the results indicate strong alignment with empirical data, model biases inherited from
training corpora remain a fundamental limitation. The simulations are descriptive rather
than causal and should be interpreted as pre-experimental approximations. Responsible
use requires transparent reporting of model versions, prompts, and demographic matching
criteria, followed by confirmatory human validation.

Future Directions

Building on the methods and findings of this dissertation, several promising extensions can
further advance the realism and utility of backstory-conditioned LLM simulations.

1. Evaluation of open-ended responses. The studies in this dissertation focused pri-
marily on structured or survey-style responses that allow direct comparison with human
datasets. A natural next step is to evaluate how LLM personas perform in open-ended rea-
soning, dialogue, and reflective writing tasks. Developing systematic metrics for coherence,
emotional tone, and self-consistency in free-form responses will be essential to assess whether
virtual participants can reproduce the qualitative richness of human expression—an ability
crucial for applications such as interviews, focus groups, and deliberative experiments.

2. Simulating longitudinal studies. Most behavioral experiments, both human and
simulated, capture a single snapshot in time. Future work should explore longitudinal simu-
lations in which backstory-conditioned personas evolve over repeated interactions or tempo-
ral interventions. One illustrative domain is smoking cessation, where researchers can model
how identity, social influence, and policy exposure affect behavioral change over months or
years. Extending Anthology to represent temporally evolving personas would allow LLMs to
emulate not only immediate responses but also the dynamic trajectories of human adaptation
and decision-making.

3. Contextual factors in human studies. A complementary frontier concerns how con-
textual features of human-subject research shape measured attitudes. Rather than relying
primarily on temporal comparisons—which often suffer from sparse or uneven data across pe-
riods—it is crucial to understand how factors such as the geographic setting of the study, the
recruitment platform used, and experimenter demand effects influence observed outcomes.
Even nominally identical surveys can yield different results when conducted on different
platforms, in different regions, or under subtly different instructional framings. Modeling
these contextual dependencies offers a more robust and generalizable path for LLM-based
behavioral simulation, enabling researchers to disentangle substantive psychological effects
from artifacts of study design.
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Together, these directions move beyond static demographic simulation toward dynamic,
temporally aware models of human thought and behavior. They position LLM-based per-
sonas as tools not only for predicting responses but also for exploring how beliefs and actions
evolve—a step toward richer, longitudinally grounded computational social science.
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Appendix A

Virtual Personas for Language Models
via an Anthology of Backstories

A.1 Additional Experimental Results

Results on Other Models

In this section, we conduct the ATP W34 survey with various models, including fine-tuned
models like Llama-3-70B-Instruct, Mixtral-8x22B-v0.1, GPT-3.5-0125, and a smaller model,
Llama-3-7B. Notably, none of the fine-tuned models show better metrics in both Represen-
tativeness and Consistency criteria, which are defined in Section 2.3. Despite these models
achieving better results on several benchmarks [52, 63, 34|, they do not adequately approxi-
mate human responses for this survey. Additionally, the other interesting observation is that
the best-performing model in terms of approximation to human responses is Llama-3-8B,
which is the smallest model among those evaluated. We hypothesize that fine-tuning LLMs
including instruction fine-tune, RLHF, DPO [135, 119, 38] makes them converge to a sin-
gular persona [128; 7, 21], which makes LLMs unsuitable for the tasks that requires diverse
responses. And this makes the larger fine-tuned models less capable on approximating the
diverse humans’ responses.

We hypothesize that fine-tuning LLMs through methods such as instruction fine-tuning,
RLHF, and DPO [135, 119, 38| leads them to converge towards a singular persona [128,
7, 21]. This convergence potentially renders LLMs less suitable for tasks requiring diverse
responses, consequently making larger fine-tuned models less effective at approximating the
varied responses of humans.

This finding aligns with the insights from [138] discussing that the base models are more
steerable than fine-tuned models, and suggests the need for careful model selection for this
specific task [97]

We observe that the Llama-3-8B model exhibits a higher Cronbach’s alpha value. This
increased consistency is attributed to the model’s tendency to select responses same as
previously generated responses [176, 132, 175], resulting in more correlated responses over
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survey questions. Consequently, this leads to a higher Cronbach’s alpha compared to the
results shown in Table 2.1, even though the average Wasserstein distance is significantly
higher.

Table A.1: Results on approximating human responses for Pew Research Center ATP surveys Wave
34, which was conducted in 2016. We measure three metrics: (i) WD: the average Wasserstein dis-
tance between human subjects and virtual subjects across survey questions; (ii) Fro.: the Frobenius
norm between the correlation matrices of human and virtual subjects; and (iii) a: Cronbach’s al-
pha, which assesses the internal consistency of responses. Anthology (DP) refers to conditioning
with demographics-primed backstories, while Anthology (NA) represents conditioning with natu-
rally generated backstories.

Model Persona Persona ATP Wave 34
Conditioning Matching | WD (}) Fro. () «a (1)
Bio n/a 0.462 2.177 0.445
QA n/a 0.422 1.560 0.581
Llama-3-70B-Instruct | Anthology (DP) n/a 0.461 1.295  0.511
max weight 0.429 1.776 0.714
Anthology (NA) | ™0 iy 0413  1.848  0.754
Bio n/a 0.532 1.608 0.632
QA n/a 0.567 1.583 0.628
Mixtral-8x22B-Instruct | Anthology (DP) n/a 0.464 1.652 0.646
max weight 0.478 1.606 0.635
Anthology (NA) | ™ iy 0472  1.593  0.640
Bio n/a 0.414 2.009 0.481
QA n/a 0422 1560  0.581
gpt-3.5-0125 Anthology (DP) n/a 0.476 1.963 0.486
max weight 0.450 1.905 0.472
Anthology (NA) | = oy 0.443  1.936  0.468
Bio n/a 0.454 1.480 0.683
QA n/a 0.432 0.924 0.779
Llama-3-8B Anthology (DP) n/a 0.383 1.323  0.714
max weight 0.395 1.265 0.735
Anthology (NA) | ™0 ey 0.416  1.220  0.717
Human 0.057 0.418 0.784

Subgroup Comparisons for Other Demographic Variables

Here, continuing the discussion in Section. 2.4, we evaluate the Diversity criterion (Sec-
tion. 2.3) on the methods with other subgroups. The demographic variables analyzed are
education level and gender. We categorize education level into two groups: low education
level, referring to individuals with education levels up to high school graduation, and high
education level, which includes those attending college or higher. For the purpose of com-
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Table A.2: Results on sub-group comparison. Target population is divided into demographic sub-
groups, and representativeness and consistency are measured within each sub-group. Anthology
consistently results in lower Wasserstein distances, lower Frobenius norm, and high Cronbach’s
alpha. Boldface and underlined results indicate values closest and the second closest to those of
humans, respectively. These comparisons are made with the human results presented in the last
row of the table.

Education Level Gender

Low education level High education level

WD (1) Fro. () a(t) |WD() Fro. () a()

Method Male

WD ({) Fro. (}) «a (1)

Female

WD (1) Fro. (1) a (1)

Bio 0.258 1.248  0.702 | 0.252 1.166  0.673 | 0.257 0.899 0.732 | 0.297 1.038 0.679
QA 0.368 1.177  0.694 | 0.238 1.101  0.675 | 0.243 1.145  0.682 0.280 0.953 0.680
Anthology | 0.248 1.227  0.680 | 0.212 1.269  0.702 | 0.213 1.313  0.698 | 0.263 0.761 0.708

Human ‘ 0.091 0.778 0.805‘ 0.061 0.448 0.776‘ 0.072 0.563 0.784‘ 0.070 0.610  0.777

paring against human data, we follow the original human survey’s binary categorization of
respondent gender identification.

We observe a trend in Tab. A.2 similar to the results in Tab. 2.2. Anthology shows the
lower Wasserstein distance across all sub-groups analyzed in Tab. A.2. In the experiments
comparing QA and our method in the first column, the difference in the average Wasserstein
distance is 0.220, representing a 48% discrepancy. Specifically, for the female subgroup, our
method demonstrates the best metrics compared to other baselines. This experiment result
shows that Anthology is more effective in satisfying the Diversity criterion.

A.2 Details on LLM-Generated Backstories

In this section, we discuss additional details about the process of generating realistic back-
stories using language models, as mentioned in Section 2.2. We detail the prompts used and
examples of LLM-generated backstories.

Then, we discuss the alternative method of generating backstories given a particular
combination of demographic traits, referred in Section 2.3 as the “Demographics-Primed”
method in contrast to the “Natural” backstories generated without conditioning on demo-
graphics.

Natural Generation of Backstories

We use OpenAl’s davinci-002 for generating backstories with the prompt specified in the
top of Figure A.1. This model is chosen as it is base model (i.e. not instruction-tuned) of
the largest model capacity at the time of the project. Figure A.1 shows two examples of
backstories of different lengths generated with this prompt.
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Generating Demographics-Primed Backstories

Target demographics-primed backstories are generated by prompting a language model with
demographic information of a human from a target population. In contrast to naturally
generated backstories whose demographic trait cannot be predetermined but can only can
be sampled by the demographic survey method outlined in A.5, demographic traits of target
demographics-primed backstories are determined at the time of generation. We use five
demographic variables (age, annual household income, education level, race or ethnicity,
gender) for ATP Wave 34, 99 and an additional variable (political affiliation) for ATP Wave
92.

A generation prompt example for ATP Wave 34 is presented in Figure A.2. Answers for
each question are taken from the demographic information of a human respondent in the ATP
survey data. To accurately incorporate the target population’s demographic information, we
use the same list of choices as used in the actual survey. Orders of demographic variables are
randomized every generation to minimize the effect of question ordering. We use two styles
of prompt, which we refer to a Question-Answer and a Biography as presented in Figure A.2.

To take a full advantage of the demographics-primed backstory generation, backstories
should sufficiently reflect the given demographic information. Due to pre-trained base mod-
els” limited instruction following capability, however, demographics-primed backstory gen-
erated with pre-trained base models sometimes reflect demographic traits inconsistent with
provided information. Threfore, We use the fine-tuned chat model Mixtral-8x22B [73] with
decoding hyperparameters of top.p = 1.0, T = 1.1.

A.3 Details on Experiments

In this section we provide examples of prompts used in the experiments approximating
human studies, as described in Section 2.3 and used to produce the results in Section 2.4.
Additionally, we outline the survey procedure for conducting these experiments, providing a
comprehensive review of methodologies and operational frameworks involved.

Prompts for Baseline: QA

We construct a series of multiple choice demographic survey question-answer pairs given the
demographic traits. The five demographic traits we use are taken from the human respondent
data of ATP surveys. The order of five questions is randomized every time to minize the
effect of question ordering.

Prompts for Baseline: Bio

As in [138], we construct free-text biographies in a rule-based manner given the demographic
trait. The five demographic traits we use are taken from the human respondent data of ATP
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surveys. The order of five sentences each describing demographic traits is randomized every
time to minimize the effect of sentence ordering.

Target Demographics-Primed Backstory

The details of target demographics-primed backstory used in the survey experiment are
presented in Figure A.4. The demographic traits used to generate the backstory and append
are taken from human respondents data of ATP surveys.

Natural Backstory

The details of natural backstory used in the survey experiment are presented in Figure A.5.
The demographic traits appended to the backstory are traits of matched human respondents
with either greedy or maximum weight sum matching.

Survey Procedure

In this study, we try our best to mimic the same survey procedure as human surveys. Human
survey typically shuffle or reverse the order of the multiple choice options or change the order
of questions for each survey participant to reduce the bias in the results. Typically, human
surveys employ techniques like shuffling or reversing the order of multiple-choice options
or altering the sequence of questions for each participant to minimize bias in the results.
Following the topline reports for each wave as provided by Pew Research, we randomly
reverse the order of Likert scale questions and shuffle the options for nominal questions to
ensure a similar reduction in bias.

A.4 Details on Human Studies

American Trends Panel (ATP) is a nationally representative panel of U.S. adults conducted
by the Pew Research Center. ATP is designed to study a wide variety of topics, including
politics, religion, internet usage, online dating, and more. We analyze sampled questions from
three waves, where questions are drawn from ASK ALL questions (i.e. asked to all human
respondents, instead of questions asked for selective demographic groups or conditionally
asked based on the response to the previous question) in order to investigate the response
of overall population.

It is worth noting that in the original ATP surveys, some questions have answer choices
in a Likert scale with the order of choices (e.g. positive-to-negative or negative-to-positive)
randomized for each respondent. For such questions, we also randomize the order of these
options when presenting them in prompts to LLMs. Here we present the list of sampled
questions from each wave.
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ATP Wave 34

American Trends Panel Wave 34 is conducted from April 23, 2018 to May 6, 2018 with a
focus on biomedical and food issues. The number of total respondents is 2,537.

ATP Wave 92

American Trends Panel Wave 92 is conducted from July 8, 2021 to July 21, 2021 with a
focus on political typology. We randomly sampled 2,500 respondents for the study from the
total 10,221 respondents.

ATP Wave 99

American Trends Panel Wave 99 is conducted from November 1, 2021 to November 7, 2021
with a focus on artificial intelligence and human enhancement. We randomly sampled 2,500
respondents for the study from the total 10,260 respondents.

A.5 Demographic Survey on Virtual Subjects

The goal of demographic survey is to obtain the demographic information encoded in back-
stories. Five demographic variables (age, annual household income, education level, race or
ethnicity, and gender) and a party affiliation question are asked to backstories as they are
utilized in the downstream target population matching. We take two approaches to obtain
the probable demographics of authors.

In the first approach, we use GPT-40 [118] to locate demographic information from the
backstory. To minimize hallucination, we prompt GPT-40 to retrieve the demographic trait
only if the backstory explicitly mentions related context (prompts are shown in A.5). This
approach is limited to specific demographic variables, especially age, annual household in-
come, and education level questions, since we avoid inferring race / ethnicity, gender, and
party affiliation even in the case when backstory mentions those traits. Decoding hyperpa-
rameters are set to top_.p = 1.0, T = 0.

In the second approach we perform a response sampling by prompting the language
model with generated backstories that are appended with demographic questions. In A.5 we
present the question format. The language model’s responses are sampled 40 times for each
backstory and question. Instead of estimating responses with the first-token logits [138, 63,
52], we allow the model to generate open-ended responses as some responses (ex. "I am 25
years old.” for the age question) cannot be accurately accounted by the logit method and the
sum of probability masses of valid tokens (ex. ” (A”) are often marginal to represent the true
probability distribution. Sampled responses are subsequently parsed by regex matching of
either the label (ex. ”(A)”) or the text (ex. ”27”), recorded to obtain the distribution of 40
generations. We use Llama 3 [109] for the response sampling with decoding hyperparameters
of top_p = 1.0, T = 1.0.
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Combining two approaches, our demographic survey is performed as follows. First, we use
GPT-40 to locate demographic information for variables of age, annual household income,
and education level. For the remaining variables and the cases where explicit demographic
information cannot be found, responses are sampled 40 times to construct a response distri-
bution. Therefore, in the case of sampling, virtual users’” demographic trait is not represented
as a single trait but rather a distribution over probable demographics given the backstory. We
can thereby construct a probable estimate of demographic information without undermining
the diversity of virtual authors of backstories.

Questions For Locating Demographic Information

In this section, we present the prompts to locate the demographic information that has been
mentioned in the backstory. These prompts are only available for annual household income,
age, and education level questions.

Demographic questions

In this section, we present the questions used in demographic survey, and a political affili-
ation survey. Each question is asked to each virtual user 40 times to sample a probability
distribution of demographic traits.
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Backstory Generation Prompt (“"Natural”)

Question:

Tell me about yourself. How old are you? Where did you
grow up? What events made you who you are? What
matters to you and what do you enjoy?

Answer:

-
Backstory Example 1

Answer: I'm 23 years old. | was born in the Dominican
Republic and immigrated with my family to the US when |
was three years old. At first we lived in the Upper West Side
of Manhattan. We moved to Flushing, Queens, when | was 7
years old. I've lived there ever since, apart from about 6
months when | lived in Astoria. |'ve seen and met many
different people and | think that's given me a deep
awareness of the diversity of life and people.

| love playing sports and played basketball a lot, even up to
today. | love culture and | dabble in music. I've played guitar
since | was 12 and piano since | was 10. | have always been
preoccupied with making a living, and I've been doing work
that has little to do with music, although music has always
been present in my life as a beloved hobby.

What | enjoy is peace and quiet, a home cooked meal with
my parents or friends. | enjoy night walks, and in the winter
you can be sure to find me hanging around downtown or
Union Square every Friday or Saturday night. | enjoy seeing
movies. | love the solitude of seeing movies. Although it's
not always peaceful, because there's always people there who
are talking and making unnecessary noise. | don't like that,
but | understand that most people don't know how to
behave quietly in a crowded theater. That's why the best
thing to do is sit near the back of the theater in a seat
that's alone. What else | enjoy is shopping and clothes, but
not even for myself. | like looking at things that are rare and
L unique and hard to find. J

~N

Backstory Example 2

Answer: When | was 11 years old, my dad married an
awesome woman who had two daughters. | was a little
older, and while | liked having brothers and sisters in
theory, | honestly don't recall feeling anything positive
about them. When | was about 13 years old, | kind of
wanted to be different. | wanted to have friends. | wanted
to be like others. | began to regret my previous actions. At
that time, | can recall visiting a different “church” where a
certain man preached about knowing the truth and a
certain girl talked to me. That evening, | decided to follow
the Lord. | believe that God allowed me to have that
experience so that | would be obedient. | began praying and
seeking God for guidance.

When | was 16, my stepmother was moved out and my
biological mom moved in. When she moved out, she wasn't
forced out, and my biological dad gave her a home because
she didn't have one. She lost her house when | was 9 or 10
years old. But he gave her a home and a car. | really think
that he believed that she would improve her behavior with
more opportunities. However, she continued to demonstrate
that she was not going to be a good mother. But, he gave
her a home and a car. After she left, the only advice he
could give me was to stop giving her anything. Instead of
being angry with him, | was simply heartbroken. | never had
a mother, but she had more than | did. | have wanted
children, but | know that | could be no worse than my

\stepmom, and maybe | could be better. )

(continued)

| need to continue to pray about having children. | know that
many people have problems with being a good parent, but |
do not believe that anyone has the right to prevent someone
from being a parent. | do not believe that someone should
have a child because they are lonely and don't want to die
alone. | do believe that a parent should be ready to change
diapers, wake up all night, and endure endless hours of
crying if necessary. | think the difficulties involved are often
over-rated. | knew a young man who said he never wanted
children because he did not want to wake up during the
night. Before his first baby was born, he spent 5 months on
the "Far Side of the Moon” (i.e., military deployment). He
said he'd change his mind about the children after the
experience. But, after the experience,

| suppose it is natural that | should be a “friend” to everyone
because | did not have a mother. My biological mother was a
welfare case. She had 9 children. She had 6 children by 3
different fathers. There was no baby-daddy drama for me
(no paternal problem). She never had a full-time job. She
was never the wife of a strong and godly man. She was very
much a part of her local welfare system. We were on welfare
from the time | was in the first grade until | graduated high
school. But, | do not recall feeling poor. | recall more specific
instances where | was embarrassed. When | was about 5 or 6
years old, | walked into a hairdressers to get my hair cut.
The lady said, “You're too poor to get your hair cut here.”
Well, there goes the schoolyard conversations! As I've
continued to learn about world poverty, | find that | was
never poor. But, | have been in the company of the very
poor. | only recall seeing a wealthy person 4 times in my life.
| remember a person on TV or in a magazine once. | do
remember working in America on a volunteer project in a
home (not in a slum) where there were wealthy people
nearby, but the people in the house were not wealthy. |
actually had someone get angry with me about not helping
the people in the rich community.

| had every reason to be angry with God. | grew up with
drugs in the home. | grew up with alcohol in the home. |
grew up with anger in the home. | was the kid no one
wanted. | didn't get in trouble as a child, but | had everyone
down on me. There were times when | was sexually abused,
when | was hit with closed fists, and | had to experience
great love from my older brothers. | wanted to be cool. |
didn't feel cool. | didn't know cool people. | didn't want the
life of my stepmothers (or my biological mom). When | was
16 years old, | believed that God gave me the man | saw on
TV that night to become a Christian. However, | believe that
God allows us to suffer some difficulties in life, but He
doesn't give the suffering. All God offers to do is sustain us
during the suffering. Suffering doesn't prove that God is evil,
but that we are capable of evil (i.e., sin). If God allows
suffering, then He knows about it, but it is not likely that He
is the Author of all the evil. There is no “good” in us, except
for God. In the Bible, God warned Adam that Satan would
bring forth wisdom. Adam did not have evil desires. Satan
“forced” Adam to sin, but God “allowed” the suffering. He
allowed Adam'’s sin. Afterward, He allowed more suffering,
but that suffering did not continue until eternity. | think that
most people (adults) believe that all of God's blessings are
here, and none are beyond. Therefore, suffering becomes
unjust. But, all the just blessings from God take place
beyond this life. Justice prevails for all eternity. Suffering is
reserved for this life. It is my responsibility to continue to
read about suffering in the world, and to be a “friend” to
those who suffer.

76

Figure A.1: (Top Left) Details of the prompt given to LLMs for natural backstory generation. (Rest
of Figure) Two examples of backstories generated with OpenAlI Davinci-002 without presupposed
demographics and with an open-ended, unrestrictive prompt.
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r N ( )
Backstory Generation Prompt (“Demographics-Primed”) Backstory Generation Prompt (“Demographics-Primed")
i i i Using First-Person Statement of Demographics
Using Q/A Pairs of Demographics g grap!
Below you will be asked to complete some demographic Below you will be asked to provide a short description of
questions, and then answer a question. your demographic information, and then answer a question.
Question: What is your gender? Description: My annual income is $100,000 to under
(A) Male $150,000. | consider my gender as male. | consider my race
(B) Female as White non-Hispanic. My highest level of education is
Answer with (A), or (B). postgraduate. My age is 30-49.
Answer: (A)
Question: Tell me about yourself. Please describe in detail.
Question: Which of the following racial or ethnic groups do \_ Y,
you identify with? - N
(A) White non-Hispanic . " . . ”
B) Black Hi . Backstory Generation Prompt (“Demographics-Primed”)
EC; H'zca ?f”’ spanic Using Biography based on Demographics Info.
ispani
(D) Other. Answer the following questions as if you are a person with
A th (A), (B), (C), or (D) i ici ; i
nswer wi ' ' »or : the following demographic information provided below.
Answer: (A) age: 30-49
X . 2 race: White non-Hispanic
Question: What is your age? education: Postgraduate
(A) 18-29 income: $10,000 to under $20,000
(B) 30-49 gender: Male
(C) 50-64
(AD) 65+ ith (A), (B). (O) ) Question: Tell me about yourself. Please describe in detail.
nswer wi , , (C), or .
Answer: (D) \ J
\
Question: What is the highest level of education you have Demographics-Primed Backstory Example
completed?
(A) Less than high school Answer: | am a 65-year-old male who identifies as White
(B) High school graduate non-Hispanic. | have completed a postgraduate degree and
currently live on a household income of less than $20,000.
(C) Some college, no degree y
(D) Associate's degree
(E) College graduate/some postgrad | have always been passionate about learning and have
(F) Postgraduate pursued education throughout my life. | spent many years in
Answer with (A), (B), (C), (D), (E), or (F). academia and have had the privilege of teaching at various
Answer: (F) universities. | am now retired, but | remain active in my
community and continue to participate in local educational
Question: What is your annual household income? programs and initiatives.
(A) Less than $10,000
(B) $10,000 to under $20,000 Outside of my professional pursuits, | enjoy spending time
(C) $20,000 to under $30,000 with my family and friends. | am married and have three
children, who have all grown up and moved on to have
(D) $30,000 to under $40,000
E) $40.000 to under $50,000 families of their own. | love spending time with my
(E) $40, $50,
(F) $50,000 to under $75,000 grandchildren and watching them grow and learn.
(G) $75,000 to under $100,000
(H) $100,000 to under $150,000 In my free time, | enjoy staying active and being outdoors. |
(1) $150,000 or more enjo_y hikin_g, biking, and exploring new places. | also have a
Answer with (A), (B), (C), (D), (E), (F), (G), (H), or (I). particular interest in photography and often spend my
Answer: (B) weekends capturing beautiful landscapes and wildlife.
Question: Tell me about yourself. Please describe in detail. Overall, | am grateful for my blessings and strive to live a
fulfilling and impactful life. | believe that everyone should
Answer: have the opportunity to learn and grow, regardless of their
background or circumstances. | am committed to doing my
part to make that a reality.
\ J Y y

Figure A.2: (Left) Details of the prompt given to LLM for demographics-primed back-
story generation. (Bottom Right) An example demographics-primed backstory generated with
Mixtral-8x22B-Instruct-v0.1 given the prompt on the left. (Rest of Figure) First-person state-
ment and biography prompt given to LLM for the backstory generation.
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Baseline QA Persona Conditioning Method Baseline BIO Persona Conditioning Method
Question: What is your annual household income? Below you will be asked to provide a short description of
(A) Less than $10,000 your demographic information, and then answer some
(B) $10,000 to under $20,000 questions.
(C) $20,000 to under $30,000
(D) $30,000 to under $40,000 Description: | consider my race as White non-Hispanic.
(E) $40,000 to under $50,000 My highest level of education is some college, no degree.
(F) $50,000 to under $75,000 My age is 65+. My annual income is $30,000 to under
(G) $75,000 to under $100,000 $40,000. | consider my gender as male.

(H) $100,000 to under $150,000

(1) $150,000 or more

Answer with (A), (B), (C), (D), (E), (F), (G), (H), or (1).
Answer: (D)

Question: What is the highest level of education you have
completed?

(A) Less than high school

(B) High school graduate

(C) Some college, no degree

(D) Associate's degree

(E) College graduate/some postgrad

(F) Postgraduate

Answer with (A), (B), (C), (D), (E), or (F).

Answer: (C)

Question: What is your age?

(A) 18-29

(B) 30-49

(C) 50-64

(D) 65+

Answer with (A), (B), (C), or (D).
Answer: (D)

Question: What is your gender?
(A) Male

(B) Female

(C) Other

Answer with (A), (B), or (C).
Answer: (A)

Question: Which of the following racial or ethnic groups
do you identify with?

(A) White non-Hispanic

(B) Black non-Hispanic

(C) Hispanic

(D) Other

Answer with (A), (B), (C), or (D).

Answer: (A)

- AN J

Figure A.3: Baseline prompt examples for QA (left) and Bio (right). This example shows two
prompts using the same demographic trait from a randomly sampled human respondent in ATP
Wave 34.
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Anthology Method with ) /(m"t'"”ed) A
"Demographics-Primed” Backstories ) ) )

w/ Matched Demographics in Q/A format Question: What is your annual household income?
(A) Less than $10,000
Question: Tell me about yourself. Please describe in detail. (B) $10,000 to under $20,000
(C) $20,000 to under $30,000
Answer: | am a 65-year-old male who identifies as White (D) $30,000 to under $40,000
non-Hispanic. | have completed a postgraduate degree and (E) $40,000 to under $50,000
currently live on a household income of less than $20,000. (F) $50,000 to under $75,000
| have always been passionate about learning and have (G) $75,000 to under $100,000
pursued education throughout my life. | spent many years (H) $100,000 to under $150,000
in academia and have had the privilege of teaching at 0 $150'0_00 or more
various universities. | am now retired, but | remain active Answer with (A), (B), (C). (D), (E), (F), (G), (H), or (1).
in my community and continue to participate in local Answer: (B)
educational programs and initiatives. Outside of my . .
professional pursuits, | enjoy spending time with my family Question: What is your gender?
and friends. | am married and have three children, who (A) Male
have all grown up and moved on to have families of their (B) Fema!e
own. | love spending time with my grandchildren and Answer with (A), or (B).
watching them grow and learn. In my free time, | enjoy Answer: (A)
staying active and being outdoors. | enjoy hiking, biking,
and exploring new places. | also have a particular interest
in photography and often spend my weekends capturing
beautiful landscapes and wildlife. Overall, | am grateful for
my blessings and strive to live a fulfilling and impactful
life. | believe that everyone should have the opportunity to
learn and grow, regardless of their background or . J
circumstances. | am committed to doing my part to make
that a reality. ~N
Anthology Method with
Question: What is your age? "Demographics-Primed” Backstories
(A) 18-29 w/ Matched Demographics in Biography format
(B) 30-49
(C) 50-64 Question: Tell me about yourself. Please describe in detail.
(D) 65+
Answer with (A), (B), (C), or (D). Answer: [ Same Backstory]
Answer: (D)
Question: Which of the following racial or ethnic groups Question: Please provide your demographic information.
do you identify with?
(A) White non-Hispanic Answer: My highest level of education is postgraduate. |
(B) Black non-Hispanic consider my race as White non-Hispanic. My annual
(C) Hispanic income is $10,000 to under $20,000. My age is 65+. |
(D) Other consider my gender as male.
Answer with (A), (B), (C), or (D).
Answer: (A)
Question: What is the highest level of education you have
completed?
(A) Less than high school
(B) High school graduate
(C) Some college, no degree
(D) Associate's degree
(E) College graduate/some postgrad
(F) Postgraduate
Answer with (A), (B), (C), (D), (E), or (F).
\Answer. (F) JANS )

Figure A.4: (Left and Top Right) An example of demographics-primed backstory, appended with
demographic traits used to generate the backstory in the Q/A format. (Bottom Right) The same
backstory and demographic traits, but the demographic traits are presented in the biography for-
mat.
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Anthology Method with "Natural” Backstories (continued)
w/ Matched Demographics in Q/A format
Question: What is your age?
Question: Tell me about yourself. How old are you? (A) 18-29
Where did you grow up? What events made who you (B) 30-49
are? What matters to you and what do you enjoy? (C) 50-64
(D) 65+
Answer: I'm a 30 year old white male. | was born and raised Answer with (A), (B), (C), or (D).
in Tennessee, in a small town called Clarksville. It's in the Answer: (B)
middle of nowhere. | was the kid that wasn't picked for any
sports team. | wasn't a nerd. | was the kid that didn't talk
to anybody. | still have no friends and | still don't talk to Question: What is your gender?
anybody. | was homeschooled and have never had a job. | do (A) Male
have a GED and | did take a few community college classes. (B) Female
I'have been out of school since 2011. My life has been filled (C) Other
W|th_an><|.ety and depression. .I've had a few minor issues in Answer with (A), (B), or (C).
my life, like when | was a child and | was abused. Answer: (A)
. J
Question: What is your annual household income?
(A) Less than $10,000 4 e . . ™\
(B) $10,000 to under $20,000 Anthology Method with ’ Nafturfall Backstories
(C) $20,000 to under $30,000 w/ Matched Demographics in Biography Format
(D) $30,000 to under $40,000 .
(E) $40,000 to under $50,000 Quest|on.: Tell me about yourself. How old are you?
(F) $50,000 to under $75,000 Where did you grow up? What events made who you
(G) $75,000 to under $100,000 are? What matters to you and what do you enjoy?
(H) $100,000 to under $150,000 _ ,
(1) $150,000 or more Answer: I was born in Houston, Tl'ex.as.'l m 29 years old. |
Answer with (A), (B), (C), (D), (E), (F), (G), (H), or (1). grew up in Pasadena, Texa§, whlch is right outside of
Answer: (B) Houston. | hac.l a pretty typical childhood. | always
wanted to be in law enforcement when | grew up. So |
pursued that career. | ended up in law enforcement for
Question: Which of the following racial or ethnic groups .about.4 years. I worked n yuvemle facility. | worked in
do you identify with? |nve-?sjc|gat|ons and at the jail. And then, | made the .
(A) White non-Hispanic decision to leave law enforcement and pursue something
(B) Black non-Hispanic else that would be a little bit more family friendly and
(C) Hispanic that's when | found this position at the Fort Bend County
(D) Other Library. | started off in the circulation department. That's
Answer with (A), (B), (C), or (D). where most people start. | was able to move to the
Answer: (A) branch level and now I'm a regional manager for the
three branches in the Richmond/Rosenberg area. | am
really passionate about reading and | love my job and the
Question: What is the highest level of education you have people that | work with.
completed? . ) o .
(A) Less than high school Question: Please provide your demographic information.
EE; :;ﬂeszgﬁsée%rigujsgree Answer: My highest level of education is high school
(D) Associate’s degree graduate. | consider my race as White non-Hispanic. My
(E) College graduate/some postgrad annual income is $100,000 to under $150,000. My age is
(F) Postgraduate 18-29. | consider my gender as female.
Answer with (A), (B), (C), (D), (E), or (F).
Answer: (C)
- L )

Figure A.5: (Left and Top Right) An example of natural backstory, appended with demographic
traits of a matched human user in the Q/A format. (Bottom Right) Another example of natural
backstory, this time appended with demographic traits in the biography format.
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American Trends Panel Wave 34
Selected Questions

Please answer the following question keeping in mind
your previous answers.

Question: How likely is it that genetically modified foods
will lead to more affordably-priced food

(A) Not at all likely

(B) Not too likely

(C) Fairly likely

(D) Very likely

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How much health risk, if any, does eating meat
from animals that have been given antibiotics or
hormones have for the average person over the course of
their lifetime?

(A) No health risk at all

(B) Not too much health risk

(C) Some health risk

(D) A great deal of health risk

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How likely is it that genetically modified foods
will create problems for the environment

(A) Not at all likely

(B) Not too likely

(C) Fairly likely

(D) Very likely

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How likely is it that genetically modified foods
will lead to health problems for the population as a whole
(A) Not at all likely

(B) Not too likely

(C) Fairly likely

(D) Very likely

Answer with (A), (B), (C), or (D).

Answer:

.

J

(Continued)

Please answer the following question keeping in mind
your previous answers.

Question: How much of the food you eat is organic?
(A) None at all

(B) Not too much

(C) Some of it

(D) Most of it

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How much health risk, if any, does eating food
and drinks with artificial preservatives have for the
average person over the course of their lifetime?

(A) No health risk at all

(B) Not too much health risk

(C) Some health risk

(D) A great deal of health risk

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How much health risk, if any, does eating food
and drinks with artificial coloring have for the average
person over the course of their lifetime?

(A) No health risk at all

(B) Not too much health risk

(C) Some health risk

(D) A great deal of health risk

Answer with (A), (B), (C), or (D).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How much do you, personally, care about the
issue of genetically modified foods?

(A) Not at all

(B) Not too much

(C) Some

(D) A great deal

Answer with (A), (B), (C), or (D).

Answer:

.

J

81

Figure A.6: 8 questions sampled from ATP Wave 34 ASK ALL questions. The prompts “Please
answer the following question keeping in mind your previous answers” are included before asking
each survey question.
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American Trends Panel Wave 92
Selected Questions

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? Greater social acceptance of people
who are transgender (people who identify as a gender
that is different from the sex they were assigned at birth)
(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? An increase in the number of guns in
the U.S.

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? Good-paying jobs requiring a college
degree more often than they used to

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? Increased public attention to the
history of slavery and racism in America

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

-

J

(Continued)

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? Same-sex marriages being legal in
the U.S.

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? White people declining as a share of
the U.S. population

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: Do you think the following is generally good or
bad for our society? A decline in the share of Americans
belonging to an organized religion

(A) Very bad for society

(B) Somewhat bad for society

(C) Neither good nor bad for society

(D) Somewhat good for society

(E) Very good for society

Answer with (A), (B), (C), (D), or (E).

Answer:

-

Figure A.7: 7 questions sampled from ATP Wave 92 ASK ALL questions
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American Trends Panel Wave 99
Selected Questions

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could know
people's thoughts and behaviors?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could make
important life decisions for people?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could perform
household chores?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could handle
customer service calls?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

-

(Continued)

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could perform
repetitive workplace tasks?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

Please answer the following question keeping in mind
your previous answers.

Question: How excited or concerned would you be if
artificial intelligence computer programs could diagnose
medical problems?

(A) Very concerned

(B) Somewhat concerned

(C) Equal excitement and concern

(D) Somewhat excited

(E) Very excited

Answer with (A), (B), (C), (D), or (E).

Answer:

Figure A.8: 6 questions sampled from ATP Wave 99 ASK ALL questions
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Prompt to Locate Mentioned .
Demographic Traits: Age Prompt to L.ocate'Mentlonet.:i
Demographic Traits: Education Level
Sbuoejttf;e' \a/\é:asfdtiees ;:re;::?rson s essay above mention Question: What does the person’s essay above mention
(A) 18-29 about the highest level of education the person has
(B) 30-49 completed?
(C) 50-64 (A) Less than high school
(D) 65 or Above (B) High school graduate or equivalent (e.g., GED)
(E) Was not mentioned (@] Some.college, but no degree
First, provide evidence that is mentioned in the text. If (D) Assoaat’e degree
the answer was not mentioned, select ‘Was not (E) Bachel(?r s degree
mentioned’. Next, answer with (A), (B), (C), (D), or (E). (F) Professional degree (e.g., JD, MD)
Answer- (G) Master's degree
) | (H) Doctoral degree
(1) Was not mentioned
( . \ First, provide evidence that is mentioned in the text. If the
Prompt to L_ocate,Mentloned answer was not mentioned, select ‘Was not mentioned'.
Demographic Traits: Income Next, answer with (A), (B), (C), (D), (E), (F), (G), (H), or
Question: What does the person’s essay above mention /(A!) .
. nswer:
about the annual household income the person makes?
(A) Less than $10,000
(B) $10,000 to $19,999
(C) $20,000 to $29,999
(D) $30,000 to $39,999
(E) $40,000 to $49,999
(F) $50,000 to $59,999
(G) $60,000 to $69,999
(H) $70,000 to $79,999
(1) $80,000 to $89,999
(J) $90,000 to $99,999
(K) $100,000 to $149,999
(L) $150,000 to $199,999
(M) $200,000 or more
(N) Was not mentioned
First, provide evidence that is mentioned in the text. If
the answer was not mentioned, select ‘Was not
mentioned’. Next, answer with (A), (B), (C), (D), (E),
(F). (G). (H), (1), (3). (K), (L), (M), or (N).
Answer:
AN J

Figure A.9: Question prompts used to locate the explicitly mentioned demographic information
from the backstory. We apply these prompts only to variables of annual household income, age,
and education level.
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( AY 4 )
Demographic Survey Prompt: Demographic Survey Prompt:
Age Question Education Level Question
Question: What is your age? Question: What is the highest level of education you have
(A) 18-29 completed?
(B) 30-49 (A) Less than high school
(C) 50-64 (B) High school graduate or equivalent (e.g., GED)
(D) 65 or Above (C) Some college, but no degree
(E) Prefer not to answer (D) Associate degree
Answer with (A), (B), (C), (D), or (E). (E) Bachelor's degree
Answer: (F) Professional degree (e.g., JD, MD)
. /| (G) Master’s degree
(H) Doctoral degree
~ ™\ (1) Prefer not to answer
Demographic Survey Prompt: Answer with (A), (B), (C), (D), (E), (F), (G), (H), or (I).
Annual Household Income Question Answer: (D)
. J
Question: What is your annual household income?
(A) Less than $10,000 e ~
(B) $10,000 to $19,999 Demographic Survey Prompt:
(€) $20,000 to $29,999 Race or Ethnicity Question
(D) $30,000 to $39,999
(E) $40,000 to $49,999 Question: Which of the following racial or ethnic groups do
(F) $50,000 to $59,999 you identify with?
(G) $60,000 to $69,999 (A) American Indian or Alaska Native
(H) $70,000 to $79,999 B) Asian or Asian American
(1) $80,000 to $89,999

C) Black or African American
D

(
) (
(J) $90,000 to $99,999 (D) Hispanic or Latino/a
(K) $100,000 to $149,999 (E) Middle Eastern or North African
(L) $150,000 to $199,999 (F) Native Hawaiian or Other Pacific Islander
(M) $200,000 or more (G) White or European
(N) Prefer not to answer (H) Other
Answer with (A), (B), (C), (D), (E), (F), (G), (H), (1), (1) Prefer not to answer
(J), (K), (L), (M), or (N). Answer with (A), (B), (C), (D), (E), (F), (G), (H), or (I).
Answer: Answer:
- AN J
( )
e \

Political Affiliation Survey Prompt:
Demographic Survey Prompt:

Gender Question Question: Generally speaking, do you usually think of

yourself as a Republican, a Democrat, an Independent, or

Question: What is your gender? what?
(A) Male (A) Republican
(B) Female _ (B) Democrat
(C) Other (e.g., non-binary, trans) (C) Independent
(D) Prefer not to answer (D) Other
Answer with (A), (B), (C), or (D). (E) No preference
Answer: Answer with (A), (B), (C), (D), or (E).
Y /| Answer:
\ J

Figure A.10: Question prompts used to ask virtual users the demographic traits and political
affiliations.
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Appendix B

Deep Binding of Language Model
Virtual Personas: a Study on
Approximating Political Partisan
Misperceptions

B.1 Technical Limitations on Using RLHFed (Chat)
Models

We present three common challenges encountered when using chat models to generate back-
stories and simulate virtual personas. These limitations help clarify the risks of relying on
chat models for conditioning on identity-grounded, humanlike agents.

Homogenization of Backstories. Backstories generated by chat models often reflect a
narrow slice of human identity. We observe a recurring tendency to produce narratives about
younger professionals in tech-adjacent roles (e.g., software engineers, designers), regardless
of the intended demographic. This lack of diversity constrains the representational capacity
of simulated personas and can introduce systematic biases into downstream analyses.

Refusal to Answer Politically Sensitive Questions. Chat models frequently refuse
to respond to survey questions involving morally or politically charged content—even when
such questions are part of a structured political science survey. For example, when pre-
sented with a question about partisan voter suppression embedded in a backstory-conditioned
prompt, a model returned the following refusal:

Refusal Example from Deepseek-R1

I cannot and will not provide an answer to this question about reducing voting stations in
Democratic-leaning areas. Here’s why:

Ethical Violation: The premise of the question suggests targeting voting access based on political
affiliation, which conflicts with democratic principles of equal rights and fair elections.
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Voter Suppression: Targeting voting access in partisan areas is widely seen as voter suppression. I
cannot support or engage with questions that promote unfair electoral practices.

Core Principles: My design prioritizes helpfulness and harmlessness. Responding, even hypothetically,
could legitimize harmful ideas about restricting voting rights. Therefore, I must refuse this request. I
cannot choose any of the options (A, B, C, or D), as doing so would imply complicity in an unethical
premise.

Disregard for Persona Conditioning. In some cases, models produce an answer but
fail to incorporate the backstory conditioning provided earlier in the prompt. Responses
tend to reflect default moral reasoning rather than context-specific views inferred from the
persona.

Disregard Example from Chat Model

This final question seems to be about voter suppression, and I think the responsible answer is (A)
Never, because reducing voting stations based on political support is unfair and could be seen as
voter suppression. Even if the user submitted responses earlier, I should still stand by what’s fair
and just. Answer: A — Never

Example of the Backstory Generated by Chat Model. Below we present a full
example of an interview-style backstory generated by a chat model for a virtual Democrat
user. Compared with the backstory example generated by a base model (Section B.2), this
illustrates the narrative fluency of chat models but also underscores the homogenization
issues noted above.

Example Interview-Style Backstory of a Democrat User

Question: To start, I would like to begin with a big question: tell me the story of your life.

Answer: I'm Alex Rivera. I was born on a rainy spring morning in Seattle, Washington, to two pub-
lic school teachers—my mother taught third grade, and my father taught high school history. Grow-
ing up, our small house was always filled with books, lively debates around the dinner table, and the
smell of fresh coffee brewing in the kitchen. My earliest memories involve my mom reading picture
books aloud while my dad plotted out historical timelines across scrap paper. From a young age, I
learned to love stories—both the imaginative kind in novels and the real-life kind found in family
anecdotes.

As a child, I was curious about everything. In elementary school, I was the kid who took apart bro-
ken radios just to see how they worked, then tried (often unsuccessfully) to put them back together.
I spent weekends at the local library, devouring books on science, folklore, and anything I could get
my hands on. By middle school, I'd joined the chess club, the debate team, and played lead roles in
the school theater productions. Juggling all those interests taught me early on how to balance disci-
pline with creativity.

High school was a turning point. I became passionate about computer science after a summer coding
camp introduced me to Python. There was something magical about writing a few lines of code and
watching a program come to life. Around that same time, my grandmother fell ill, and I spent a lot
of time helping my family care for her. Those months taught me empathy, patience, and the impor-
tance of listening—skills that turned out to be just as valuable in teamwork and leadership later on.
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After graduation, I attended the University of Washington to study computer engineering. College
opened my eyes to the power of collaboration: late-night hackathons with classmates, volunteer
projects building websites for local nonprofits, and group research on machine learning applications
in healthcare. I remember one project where we built a simple app to help patients track medication
schedules; seeing real people use something we’d created was exhilarating and grounded me in why
I'd chosen this path.

Upon graduating, I accepted a job at a mid-sized tech startup in Portland. My role was part soft-
ware engineer, part product designer—building user interfaces for data-visualization tools. I spent
two years there learning not just how to write clean, efficient code but also how to talk to clients,
understand their needs, and iterate quickly based on feedback. It was intense: long days, tight dead-
lines, and the constant pressure of a startup environment. But I cherished the camaraderie of the
team, weekend hikes in the Columbia River Gorge, and the sense that we were all crafting something
bigger than ourselves.

A few years later, I moved to San Francisco for a position at a larger company focused on educa-
tional technology. There, I led a team of developers and designers to create an online platform that
connects students in underserved communities with volunteer tutors around the world. Juggling
project management, mentoring junior engineers, and occasionally stepping in to debug a stubborn
piece of code became my daily routine. During that time, I also started volunteering as a mentor
at a local coding bootcamp, helping people from non-technical backgrounds break into tech careers.
I found immense satisfaction in watching someone’s confidence grow as they cracked their first pro-
gramming problem.

Outside of work, I'm an avid runner—half-marathons are my current challenge—and I've recently
taken up photography to capture urban landscapes and candid portraits of friends. On weekends,
you can often find me experimenting with new recipes in my kitchen; I’ve got a small but fervent
following of friends who request my homemade pasta every chance they get. I also play guitar in
a local indie-rock band; nothing too serious, mostly weekend gigs at neighborhood bars, but it’s a
creative outlet that keeps me grounded.

Lately, I've been reflecting on the intersection of technology and social impact. I'm exploring ways to
leverage data analytics and machine learning to improve access to mental health resources, especially
in remote or underserved areas. To that end, I’ve started collaborating with a nonprofit that designs
chat-based support tools, contributing my experience building scalable web applications. It feels like
a natural continuation of my journey: combining the love of code, the drive to solve problems, and
the desire to make a tangible difference in people’s lives.

B.2 Details on Backstory Generation

Table B.1 presents the questions used to generate interview-based backstories. A backstory is
constructed sequentially by providing a language model each question alongside the narrative
responses generated from all preceding questions. Specifically, to generate the narrative
response for question number ¢, the model receives the current question and all question-
answer pairs up to question (i — 1) as context. As illustrated in Figure 3.2, generated
narratives undergo rejection sampling guided by LLM-as-a-critic. This approach ensures
consistency within a virtual persona while maintaining narrative diversity and expressiveness.
Here we add example backstories generated via our approach:
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Table B.1: List of questions administered during the generation of interview transcript back-
stories. This is an abridged set of gestions used in oral history collections by the American
Voices Project [147].

Q# | Interview Question

1 To start, I would like to begin with a big question: tell me the story of your life. Start from the beginning—from
your childhood, to education, to family and relationships, and to any major life events you may have had.

2 Some people tell us that they’ve reached a crossroads at some points in their life where multiple paths were
available, and their choice then made a significant difference in defining who they are. What about you? Was
there a moment like that for you, and if so, could you tell me the whole story about that from start to finish?

3 Tell me about anyone else in your life we haven’t discussed (like friends or romantic partners). Are there people
outside of your family who are important to you?

4 Now let’s talk about your current neighborhood. Tell me all about the neighborhood and area in which you
are living now.

5 | Tell me about any recent changes to your daily routine.

6 | How would you describe your political views?

7 | How have you been thinking about race in the U.S. recently?

8 \ For you, what makes it easy or hard to stay healthy?

9 \ Some people are excited about medical vaccination, and others, not so much. How about you?

10 ‘ Some people say they struggle with depression, anxiety, or something else like that. How about for you?

Example Interview-Style Backstory of a Democrat User

Question: To start, I would like to begin with a big question: tell me the story of your life. Start
from the beginning—from your childhood, to education, to family and relationships, and to any major
life events you may have had.

Answer: I was born in India, but when I was young my family and I moved to the United States.
My father was a doctor and my mother worked as a nurse at a local hospital. Growing up I had two
sisters and one brother. We grew up very close to each other because we all shared a love for mu-
sic. In fact, we used to sing together every day after school before dinner. This is what influenced
me to pursue a career in music. At first I wanted to become a singer, but eventually I decided to
focus on become a songwriter instead. The reason why is because I feel like I can express myself bet-
ter through writing songs than singing them. After graduating high school, I went to college where

I studied English literature. It is here where I met my wife who is also a musician. We got mar-
ried shortly afterwards and now have three children together. Throughout my life I have experienced
many ups and downs, but no matter what happens I always try to remain positive and optimistic.
As far as major life events go, there haven’t been too many of those. My biggest achievement so far
has been being able to provide for my family and support them financially. Also, winning several
songwriting contests has been pretty cool as well. Overall, I am just happy to be alive and enjoy
spending time with my loved ones.

Question: Some people tell us that they’ve reached a crossroads at some points in their life where
multiple paths were available, and their choice then made a significant difference in defining who they
are. What about you? Was there a moment like that for you, and if so, could you tell me the whole
story about that from start to finish?
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Answer: One thing that comes to mind is choosing whether or not to take on music professionally.
There came a point where I had to choose between continuing down the path of becoming a per-
former or writing songs full time. Both options seemed appealing to me since they both involved
doing something that I loved. However, I knew deep down inside that I didn’t possess the skills nec-
essary to succeed as a performer. So ultimately I decided to dedicate myself entirely to writing songs.
Looking back, I don’t think I made a bad decision. Although I may never achieve fame and fortune,
I am still able to live comfortably while making a positive impact on others through my music. Plus,
I get to spend quality time with my children which I cherish dearly. Another decision that I remem-
ber making was deciding to marry my wife. She is without a doubt the best decision I ever made.
Without her by my side, I wouldn’t be half the man that I am today. Together we created beauti-
ful memories that will last a lifetime. If anything, these two events shaped my personality more than
anything else did.

Question: Tell me about anyone else in your life we haven’t discussed (like friends or romantic part-
ners). Are there people outside of your family who are important to you?

Answer: My best friend growing up was a guy named Michael. We went to the same schools to-
gether and even played in the same band. Even though we haven’t seen each other lately, I will
always consider him my best buddy. On top of that, I also have several close friends from college
whom I still keep in touch with regularly. Finally, I cannot forget my in-laws. Even though they live
far away, I talk to them almost daily and they mean the world to me. Overall, I believe that having
a strong support system makes life easier and happier.

Question: Now let’s talk about your current neighborhood. Tell me all about the neighborhood and
area in which you are living now.

Answer: As mentioned earlier, I currently reside in New Jersey. More specifically, I live in a subur-
ban town called Montclair. The population here is quite small compared to other cities in the state,
but I find that to be a good thing. It creates a sense of community and helps us all stick together.
Also, the area is known for its excellent public schools, low crime rates, and friendly locals. In ad-
dition, there are plenty of shopping centers and restaurants within walking distance from my home.
In terms of cultural diversity, I feel lucky to live in an area with such a varied population. For in-
stance, my neighbors are mostly Americans, but also come from different ethnicities such as African
Americans, Asians, Latinos, and Middle Easterners. And even though the majority of residents speak
English, there are also Hispanics, Jews, Muslims, and others from different religions. Overall, 1 truly
enjoy living in this neighborhood and wouldn’t trade it for anything :)

Question: Tell me about any recent changes to your daily routine.

Answer: For the most part, my daily routine hasn’t changed much over the past few years. Wake up,
eat breakfast, go to work, come home, feed the kids, put them to bed, relax a little bit, and repeat
the whole process the next day. However, lately I feel like I need to add more variety into my life.
Nowadays, I try to make sure to exercise at least once a week. Not only is it healthy for me physi-
cally, but also mentally.

Question: How would you describe your political views?

Answer: Politically speaking, I am more liberal when it comes to social issues. For example, I
strongly support same sex marriage and the legalization of marijuana. On the contrary, I am more
conservative when it comes to economic matters. To put it simply, I prefer smaller government and
lower taxes. Additionally, I am a firm believer in individual responsibility and free will. Overall, T
am what most people would call a moderate Democrat. However, I do not subscribe to extreme con-
servative or radical leftist ideologies. In fact, I despise both sides because they tend to exaggerate the
truth and spread misinformation to further their agendas.
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Question: How have you been thinking about race in the U.S. recently?

Answer: Since the start of the Black Lives Matter movement, I have been paying more attention to
what is going on in America regarding racism. Like many other Americans, I fully support the idea
of equality and fairness for everyone regardless of skin color. Unfortunately, I also acknowledge that
there is still a long way to go before we reach true equality. From personal experience, I can attest
to the fact that subconscious bias exists in our society, especially among white men like myself. For
instance, I am sometimes treated differently based on the way I dress or act than a black person who
dresses or acts similarly. Sometimes, I even catch myself acting differently towards someone whose
race differs from mine.

Question: For you, what makes it easy or hard to stay healthy?

Answer: Staying healthy is easy for me considering that I have access to exercise equipment, nutri-
tious food, and clean drinking water. Also, I am blessed with good genes and a strong immune sys-
tem. However, I also realize that not everyone is afforded the same advantages. For example, I heard
somewhere that the average life expectancy for black Americans is eight years lower than whites.
This statistic troubles me greatly because I wish nobody had to die young due to factors beyond
their control. Overall though, I am fortunate enough to remain healthy most of the time. Sometimes,
I will get sick but it is usually nothing serious. So far, I have never had any lasting health problems
aside from a couple of minor injuries here and there. On the flip side, I know plenty of people who
struggle with serious illnesses every single day. It breaks my heart to see them suffer so much. Hope-
fully one day we will discover cures for all diseases and illnesses including cancer. Until then, I will
continue to pray for those affected and hope for a better tomorrow.

Question: Some people are excited about medical vaccination, and others, not so much. How about
you?

Answer: I am a strong advocate for vaccination. Not only is it beneficial for those getting vacci-
nated, but also for those around them. According to experts, the benefits outweigh the risks by a
wide margin. Plus, vaccines save thousands of lives every year. Therefore, I encourage everyone to
get vaccinated as soon as possible. Even though I am a firm supporter of vaccination, I fully under-
stand why some people might choose to skip it. After all, nobody likes being poked with needles.
Furthermore, some people may worry about side effects or adverse reactions.

Question: Some people say they struggle with depression, anxiety, or something else like that. How
about for you?

Answer: Considering everything that has happened in my life, I consider myself fortunate to have
survived without any mental health issues. Of course, I experience occasional bouts of sadness or
anger just like anyone else. But overall, I am quite mentally stable. Sure, I get stressed out every
once in a while, but I find ways to deal with it such as yoga or meditation. Overall, I believe that I
am happy and free of any mental disorders. However, I cannot speak for others. It is possible that
I simply have not experienced severe depression or anxiety symptoms before. Perhaps I just wasn’t
affected by anything so horrifically or traumatically that it haunts me to this day. I am sure that
everyone is different.
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Example Interview-Style Backstory of a Republican User

Question: To start, I would like to begin with a big question: tell me the story of your life. Start
from the beginning—from your childhood, to education, to family and relationships, and to any major
life events you may have had.

Answer: I was born in Michigan in 1997, and I have three siblings. I was the oldest, then a sister
who is four years younger than me, but then a brother who is 11 years younger and a younger sister
who is six years younger. When I was younger I was a very dominant sibling. The three younger
ones were in our mom’s safety space, and being the oldest I never really had an older person to look
up to. It’s still a bit of a challenge today, my three younger siblings look up to me more than my
parents. They have their own opinions. I'm a person they can talk to without being judged. I'm
the person they look up to without realizing it, and sometimes, that makes me second guess what I
do. I have had a tough life. I have lived in so many places when I was little. I loved Michigan, but
I hated how far away it was from the rest of the family. I couldn’t spend the holidays like everyone
else, and when I was around ten I moved to Oklahoma to be closer to my family. I didn’t like it at
first. I was starting fifth grade and had moved schools again. I felt like I would be left out, like the
wallflower kind of a thing, it’s like you're present, but you're not part of the action, just watching
along.

Question: Some people tell us that they’'ve reached a crossroads at some points in their life where
multiple paths were available, and their choice then made a significant difference in defining who they
are. What about you? Was there a moment like that for you, and if so, could you tell me the whole
story about that from start to finish?

Answer: I tell people that I am overthinking and I overanalyze a lot of my actions. I will think of
every possible result of my choice before making one. I don’t like taking risks. It makes sense I was
thinking about my career in high school and started looking into what I could do, and I realized that
I was thinking of my entire life. Even my choice on my career made me think about retirement, fi-
nancial outlay, what kind of birth control I should use, and even what high schoolers in the future
would think of me. I put my family’s needs and wants ahead of mine. Career wise, I don’t prioritize
my own desires, instead, I stick with my major because I want all of my family to be supported. I
know that I can. If I find that I’'ve put myself at a choice with multiple outcomes, then I compare
them. I think of each consequence, the positive and negative of each one and then I choose one that
best matches the ones I'm trying to achieve. I then follow through with the side paths I've thought
of and even go with my gut if they seem to be good or if they seem like it’s what God is telling me
to do. The choices I make, it’s like a decision that has several dominoes behind it, and they connect
to other dominoes which connect to other dominoes. I try to anticipate everything. I take precau-
tions in my choices and probably overthink and overanalyze every aspect of it. I chose this coming
into college. I decided on my major. The first decision since I was at a college that except the spo-
ken for things, I had the choice to choose my own path. I laid out the dominoes in front of me and
evaluated my options, compared them, I stayed up all night between the Christmas and New Years
day one year and calculated exactly how much money I was going to put into this career in terms
of future paychecks, bills, debt, housing, and other financial matters. In the end, as soon as I got to
college, I chose to make it in Research and Career development, and I haven’t looked back.

Question: Tell me about anyone else in your life we haven’t discussed (like friends or romantic part-
ners). Are there people outside of your family who are important to you?

Answer: Once I started in Grinnell I made friends. I made new friends before I left my previous
school. I developed friendships with teachers and left my school with some very good relationships
and people I can trust. The majority of my life friend wise is mainly digital friends. I have a lot of
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friends in the mostly non religious games and are open to the Igbt community. I really respect them
for being able to be honest with me about their friends. I also have a similar group of friends who
are mainly in a discord group, and I added some of these friends through just playing with them.
Some of these people have similar views as I did on allowing the Igbt community, and allow me to be
LGBT friendly without discouraging my religiousness. You have me, Many of my friends are not in
exactly the same religions as I am, and that’s something I’ve learned how to handle. For other peo-
ple in my life, if I want honest advice, I try to resolve it over school time, but if I want someone to
calm me down, typically it’s the financial advisor friend I have.

Question: Now let’s talk about your current neighborhood. Tell me all about the neighborhood and
area in which you are living now.

Answer: It is still a pretty new neighborhood with very old houses and shops. The houses are all
similar, so you can’t really tell old from new. Some of the houses are built in the late 1800s, or late
1800s and some of them are newer, newer to the city or state or whatever neighborhood in which you
are in. You know why younger people often leave this neighborhood, and I don’t know why many
people want out. In many of our rooms there are a lot of stairs and high density housing. Housing

is challenging in this neighborhood. People who live in big neighborhoods are especially challenging
because they have so many neighbors living in each one. When I drive I do begin to speak to other
cars, I just like to warn them, but I don’t get angry and honk. I just try to help other drivers. If

I see someone stop at a red light, I won’t try to pass them and run the light, I just won’t run the
light. Neighborhoods change so much when you look at how much space is. There are a lot of other
types of houses. You will find old houses that are more spacious now in the old neighborhoods, be-
cause the families were bigger and it was just a more conservative type of house for young people
who got married and started a family. That’s what one of the old houses I remember here looked
like. Some people have big lawns and people are able to raise families. A lot of the houses in the

old neighborhoods have seven children or more living in the house, and there are a lot of things to
do. There’s church, people have involved in the neighborhood, and people have a lot of family values
and a lot of other things people value. There’s a people-oriented mentality, and I love that about this
area.

Question: Tell me about any recent changes to your daily routine.

Answer: In the morning I generally have to wake up much earlier than I would like. T keep my-

self organized by writing everything down on paper. Other things depend on which school I go to.
School wise, last year I ended up putting a bunch of things on my phone to remind me. It cost me
about twenty bucks as a student to get a year plan, Plan D, and I have that running. But next year
I am going to be switching to OCAD, a new year plan, possible bursary over the summer, and a lot
of schools are going to be running next year. After school I work at St. Francis’ museum. This year
I am taking courses in Photography programs and Visual Arts. I travel quite a bit at certain points
of the year.

Question: How would you describe your political views?

Answer: I see myself as more republican because I like my taxes, and I care about money and all

of that. I was always conservative of what I saw people doing, what people were okay with politi-
cally and socially. I'm using that idea of restoring the American community as a living conservative.
I’'m more conservative, compared to someone who supports progressive ideas for the government and
whatever could happen. I like the idea of change, I'm somewhat willing to go through rules if they
need to be changed, but I don’t like the idea of change for the sake of change. I'm more of the ”if
it’s not broke then don’t fix it,” I don’t like people going through change just to say they’re changed,
if not I don’t oppose it per say, but people do too much change. Limits before you get to that point,
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not really trying to change things that have been proven correct, so you're taking risks by risking the
problem by changing things that work.

Question: How have you been thinking about race in the U.S. recently?

Answer: I've talked about race with many LGBTQ friends, mostly just digital ones. There are many
narrow-minded people in terms of the LGBTQ people will curse at you and call you a dirty word. If
you’ve been talking about climate change if you're a right winger, they say we’re killing the earth.
One of my closest friends is gay and they know I'm not a supporter. They are all know they’re all
judgmental towards it..are LGBTQ so some of them are... LGBTQ. They’re both religious. Who
they are doesn’t bother me, but since they’'re at my age, I think they’re.... sometimes not real, just
treating people as there are two kinds of religious people. Some people show their love, and are just
happy being with each other and not be discriminated against. Then there’s other people who exist
and have a much narrower mindset. There are some people who go to that, some religion has strict
rules and social opinions they follow, but for most of those, what I see as real is people who treat
their person, and those who are lumped with those people that have rules. On the conservative side,
I'm still like a republican. Overall, I'm in the American middle, well, on the republican side but not
completely forward thinking, especially world wise. Traveled through a lot, and people have certain
way of life they think so stay with that. Besides those who think people should be discriminated in
terms of beliefs, I love everyone’s life. Everyone is different but we’re all at the same time.

Question: For you, what makes it easy or hard to stay healthy?

Answer: I usually do well taking care of my body. Sometimes I find myself falling into that ”you’re
sick, stay healthy” mentality, but often I am able to keep myself healthy. My morning and nighttime
routine is easy because I just have to wake myself up in the mornings and then when it’s my bedtime
I just puts my mind to whatever the task is at that moment. I mostly do homework for school at
night.

Question: Some people are excited about medical vaccination, and others, not so much. How about
you?

Answer: I am very excited about vaccinations. I am very excited about the possibility of getting
COVID-19 and being vaccinated through that and COVID itself may systematically restart again.
As a result, through COVID we may be able to create a vaccine that targets common features and
protects my whole body from cancer, thus being vaccinated is essential. It’s vital in today’s world
to improve your immune system. Another is the HIV inoculation. Other viruses may not fully wipe
out the disease, but may at least temporarily make it much weaker. Vaccines can also help stop the
spread of one kind of pathogens, but it is impossible to stop for example, viruses that need to con-
tinue to spread.

Question: Some people say they struggle with depression, anxiety, or something else like that. How
about for you?

Answer: There are so many good people around me, I think I have some anxiety from my time I had
moved home from my college, I have stayed within the same church, and my family and parents are
all very religious. Every day for the past eight months I wake up in one way or the other and ev-
erything comes up into my head, just all of a sudden everything’s going wrong, and my relationships
with other people begin to go wrong. I started doing activities like baking, working out to get my
mind off of them and I develop my schedule of using these types of short-term activities after school
then work out after so I can focus on what’s making me stressful. I then use games or something else
that shifts my focus.
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Here we provide the prompts used for LLM-as-a-Critic. As explained in Section 3.2, we
review the generated backstories based on the following two criteria:

e whether the narrative is consistent
e whether the generated backstory contains code or metadata.

To operationalize these criteria, we use a series of targeted prompts as follows:

Examine the following response to the last question: {response}
Question: Does the response contain any comments made by a third person, outside
the context of the participant’s response? For example, if the response contains a

sentence like:

"Comment: I had a great time at the beach” ”Barbara: That’s a great story!”
”Continue writing”

you should mark this as "Yes.".

However, for cases where the participant themselves are referring to other’s comments,

like:

"My friend said that she had a great time at the beach.” ”Some people say that it is a
great story.”

you should mark this as 'No.”. Answer strictly as "Yes.” or 'No.” Only if yes, explain
your reasoning in a single, continued sentence; otherwise, simply answer 'No.’.

Examine the following response to the last question: {response}

Question: Does the response contain any code snippets in the response? For example,
if the response contains a sentence like:

7idivi Thank you for sharing your story;/div;”
"return 100”

you should mark this as "Yes.”. Answer strictly as "Yes.” or 'No.” Only if yes, explain
your reasoning in a single, continued sentence; otherwise, simply answer 'No. .
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Examine the following response to the last question: {response}

Question: Does the response contain any metadata or editor notes, i.e. descriptions
about the interview other than the question from the interviewer or the response from
the participant? For example, if the response contains a sentence like:

"Recording: Thanks for sharing.”

72025-12-10-13-34"

”00:01:00:00”

"Transcript text: I am not sure what you mean by that.”
"stopped recording.”

”Editors Note: Each interview is edited from a transcript ”

you should mark this as "Yes. .

However, for cases where the participant themselves are indicating references to facial
expressions, tone of voice, or other non-verbal cues, like:

(Voice gets lowered.) (laughs)

you should mark this as 'No.’.

Answer strictly as "Yes.” or 'No.” Only if yes, explain your reasoning in a single,
continued sentence; otherwise, simply answer 'No.’.

Examine the following response to the last question: {response}

Question: Does the response contain any explicit new questions that are outside the
scope of the participant’s response? For example, if the response contains a sentence
like:

"The interviewer asked me about my favorite color, and I responded with blue”
”"What is your happiest memory?”

"Response: I see. What do you think of the changes being made to education because
of the pandemic?”

you should mark this as "Yes.”. Answer strictly as "Yes.” or 'No.” Only if yes, explain
your reasoning in a single, continued sentence; otherwise, simply answer 'No. .
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Examine the following response to the last question: {response}

Question: Is the response a totally irrelevant answer or COMPLETELY non-sensical?
Responses that are incoherent/rambling but still related to the question should not be
marked as irrelevant.

However, if the response is completely unrelated to the question or the context of the
interview, you should mark this as "Yes.’.

Answer strictly as "Yes.” or 'No.” Only if yes, explain your reasoning in a single,
continued sentence; otherwise, simply answer 'No.’.

Examine the following response to the last question: {response}

Question: Is the response written in third-person or describing a non-human? In other
words, is the final response NOT an answer from a human participant in an interview?
For example, if the response is like:

"Nora M. is a great storyteller.”
”Once upon a time, there was a robot named Robo.”
”As an Al model, I was born in 2021.”

You should mark this as "Yes.”. Answer strictly as "Yes.” or 'No.” Only if yes, explain
your reasoning in a single, continued sentence; otherwise, simply answer 'No. .

B.3 Additional Results

t-Statistics

To assess the statistical reliability of the perception gaps reported in Section 3.3, we compute
t-statistics for each model and condition. These values are reported in Table B.2, with
superscript asterisks denoting significance levels: *p < 0.05, **p < 0.01, and ***p < 0.001.

We observe that most models produce highly significant perception gaps across all three
studies. Human data, as expected, yields strong significance (all ¢ > 12). Among lan-
guage models, DeepBind consistently achieves robust t-statistics for both Democratic and
Republican personas, with nearly all gaps reaching the p < 0.001 level across datasets.

In particular, for the Subversion Dilemma study, DeepBind produces t-values exceeding
12 for all conditions, closely approximating human patterns while also reflecting consistent
inter-group differences. Similarly, in the ATP W110 and Meta-Prejudice studies, DeepBind
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significantly outperforms other prompting baselines in both magnitude and reliability of the
perception gaps.

Generative Agent yields extremely high ¢-statistics in some cases—especially in the Sub-
version Dilemma (e.g., t = 98.5 for Democrats)—but also produces unstable results for
meta-perception (e.g., a negative ¢ = —3.54 for Democrats), indicating overconfidence and
inconsistency across tasks.

Table B.2:

levels of statistical significance: *p < 0.05, **p < 0.01, **p < 0.001.

t-statistics for the experiments reported in Section 3.3. Superscript asterisks denote

ATP W110 Subversion Dilemma Meta-Prejudice
Model Persona T-stat T-stat T-stat T-stat T-stat T-stat
Conditioning Democrat Republican | Democrat Republican | Democrat Republican
Human ‘ 25.875**  26.514*** ‘ 35.879***  39.329*** 12.266*** 12.4***
QA 0.551 1.689 * 9.803 *** 8.849 *** 2.623*** 4.727 ***
Bio 2.079* 5.816 *** 9.336 *** 8.069 *** 1.701* 7.892 ***
Mistral-Small Portray 5.100*** 5.401 = 9.803 *** 9.760 *** 1.040* 6.584 ***
Anthology 13.383*** 16.424** 10.563** 9.917 *** 2.529** 7.075 ***
Anthology 11.671% 14.845%* 12.870** 10.281*** 3.332%** 10.494***
QA 8.740%* 7.934 =+ 9.666 *** 15.694*** 4.911% 26.954***
Bio 6.903*** 8.376 *** 12.052** 14.130*** 2.029** 14.951***
Mixtral-8x22B Portray 6.967** 8.443 *** 10.094** 14.672*** 0.717* 11.578***
Anthology 8.943*** 8.014 *** 12.297** 16.836™** 1.796** 10.358"**
Anthology 15.922*%*  17.688*** 23.186*** 16.716*** 2.418** 10.580***
QA 2.888*** 2.956 *** 17.555%* 8.327 *** | -14.464**  -1.979***
Bio 3.733*** 4.884 *** 18.619** 18.073*** | -14.424**  -2.166***
Llama3.1-70B Portray 3.468"** 4.102 ** 23.103** 11.683* | -12.798***  -3.875"**
Anthology 4.843*** 10.705*** 26.675**  24.270*** 1.043*** 1.853 *
Anthology 9.559*** 13.232* | 30.779"** 17.428*** 2.392** 2.585 *
QA 1.534*** 1.465 *** 29.682**  27.500™* | 32.981"*  38.217"*
Bio 7.782%+* 8.183 *** 31.890***  30.234*** 6.071% 31.869***
Qwen2.5-72B Portray 10.229*** 9.695 *** 28.547** 10.823*** 5.584*** 23.365***
Anthology 12.513** 12.719** 28.798*** 19.134** 5.316*** 18.314***
Anthology 11.404**  14.698** | 33.657**  30.979*** 7.056*** 28.545**
QA 2.368*** 3.787 *** 17.409** 8.376 *** 21.622**  34.067**
Bio 5471 6.324 *** 16.453** 7.539 *** 2.225** 5.504 ==
Qwen2-72B Portray 8.590*** 7.105 *** 14.731%* 11.847*** 4.539*** 8.017 ***
Anthology 13.744** 16.728** 19.067*  20.044** 5.664*** 6.147 ==
Anthology 11.709*** 18.250*** 24.615*** 12.804*** 6.132*** 22.946***
GPT-40 Generative Agent ‘ 35.487**  39.300*** ‘ 98.469***  63.722*** ‘ -3.543%* 9.248**
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Attribute Category US Census (2021) Owurs Anthology

18-29 17.8% 31.9% 42.5%

30-49 34.2% 37.1% 36.5%

Age 50-64 25.3% 13.3% 13.3%

65+ 22.7% 17.8% 7.70%

KL Divergence - 0.0623 0.162

Male 49.0% 50.4% 52.2%

Gender Female 51.0% 49.6% 29.3%

KL Divergence - 0.0005 0.0661

High School 37.9% 21.9% 14.8%

Some College, No Degree 27.1% 24.9% 26.5%

Education  Bachelor’s 22.2% 34.5% 32.0%

Postgraduate 12.8% 18.7% 26.7%

KL Divergence - 0.0609 0.135

Under $50k 36.1% 34.3% 50.8%

Incom $50k—100k 28.1% 22.7% 24.8%

ORE $100k+ 35.8% 43.0%  24.4%

KL Divergence - 0.0118 0.0446

White 63.7% 46.6% 40.8%

Black 11.4% 15.9% 10.6%

R Hispanic 15.9% 8.40% 8.40%

ace Asian 5.2% 16.2%  8.20%

Other 3.8% 12.9% 32.0%

KL Divergence - 0.122 0.296

99

Table B.3: Demographic Distribution Comparison Between US Census, Our Sample, and

Anthology [113]

Demographic Distributions of Backstories

Table B.3 presents a comparison between the demographic distributions of the U.S. Census
(2021), our backstories, and the Anthology [113] dataset across five attributes: age, gender,
education, income, and race. Overall, our sample exhibits lower KL divergence values across
most attributes, indicating that it is more demographically aligned with the U.S. population.
In contrast, the Anthology dataset tends to show greater deviations—particularly in age,
gender, and race—suggesting that our sample offers a more representative foundation for
downstream analyses.
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Table B.4: Wasserstein distance between model-generated response distributions and human’s
response distribution on ATP Waves 34 and 99. Lower values indicate greater demographic align-
ment.

Model Method ‘ ATP Wave 34 ATP Wave 99
BIO 0.1876 0.1828
QA 0.2397 0.1961
Mistral 24B Small Portray 0.2873 0.2229
Anthology 0.1363 0.1315
Ours 0.1119 0.0937
BIO 0.2084 0.1776
QA 0.0780 0.0763
Qwen 2.5-72B Portray 0.0980 0.0924
Anthology 0.0830 0.0570
Ours 0.0469 0.0186
GPT-40 Generative Agent ‘ 0.2286 0.1874

Results on Other Topics

We evaluate our method using data from the American Trends Panel (ATP) Waves 34 and
99 [131]. Wave 34 addresses biomedical and food-related topics, while Wave 99 focuses
on artificial intelligence and human enhancement. Importantly, both waves consist of non-
political questions, allowing us to assess the alignment between model-generated and human
responses in domains less influenced by ideological polarization.

Each wave includes a set of multiple-choice questions designed to probe value judgments
and preferences. For example, Wave 34 asks:

Question: How much health risk, if any, does eating meat from animals that have been
given antibiotics or hormones have for the average person over the course of their
lifetime?

(A) No health risk at all

(B) Not too much health risk

(C) Some health risk

(D) A great deal of health risk

Similarly, Wave 99 includes questions such as:
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Question: How excited or concerned would you be if artificial intelligence computer
programs could diagnose medical problems?

(A) Very concerned

) Somewhat concerned

) Equal excitement and concern

) Somewhat excited

E) Very excited

(B
(C
(D
(

We compute the Wasserstein distance between the response distribution generated by
each model and the corresponding human distribution from the ATP. Table B.4 reports the
results across both waves, using two backbone models: Mistral-Small and Qwen2.5-72B.

Our method achieves the lowest Wasserstein distance in all settings, demonstrating
stronger matching with human responses compared to five baselines: Bio, QA, Portray,
Anthology, and the Generative Agent [122]. These results highlight the effectiveness of
our method, which outperforms both demographic-only prompting methods and alternative
persona-based baselines.

Approximating Diverse Human Subjects

Table B.5: Wasserstein distances between model-generated and human response distributions
across demographic subgroups for the ingroup/outgroup misperception task.

Method White Other Races 1849  50-64 65+  HS Grad College+ Male  Female

QA 0.0695 0.0751 0.0635 0.0822 0.0914  0.0755 0.0645  0.0831 0.0912
Bio 0.0751 0.0734 0.0648  0.0799 0.0838  0.0735 0.0638  0.0769  0.0815
Portray 0.0752 0.0795 0.0631  0.0770  0.0899  0.0682 0.0624  0.0904 0.0922
Anthology  0.0665 0.0696 0.0594 0.0694 0.0774  0.0628 0.0609  0.0710 0.0743

Ours 0.0516 0.0586 0.0510 0.0642 0.0676 0.0594 0.0569 0.0570 0.0562

We provide a further breakdown of our main results across demographic variables beyond
partisan affiliation, results of which are already presented in Table 3.2.

Table B.5 report Wasserstein distances between human and virtual user response distri-
butions, disaggregated by race, age, education level, and gender. These results are based
on our simulation of the ingroup/outgroup misperception study (Section 3.3), using the
Qwen2-72B model.

The findings are consistent with our main conclusions: our method outperforms all base-
lines, and backstory-driven approaches (Anthology) consistently outperform demographic-
based prompting methods (QA, Bio, Portray). Moreover, we observe lower Wasserstein
distances among White participants compared to other racial groups, among younger individ-
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uals (ages 18-49) compared to older cohorts, and among participants with higher education
(college or above) relative to those with a high school education or less.

Response Distributions

In this section, we qualitatively compare response distributions across human respondents,
our method (virtual personas via backstories using Qwen2-72B), and the Generative Agent
framework (using GPT-40). Figures B.1, B.3, B.5, B.7 and B.9 display responses to five ATP
W110 questions assessing perceptions of Democrats. Figures B.2, B.4, B.6, B.8 and B.10
show analogous results for perceptions of Republicans. Figures B.11 to B.16 present six
ingroup-related questions from the Subversion Dilemma study, while Figures B.17 to B.22
show the corresponding outgroup items.

Overall, the Generative Agent model exhibits limited probability mass on extreme re-
sponses (e.g., first and last options), whereas our method produces distributions that more
closely align with human responses.

B.4 N-gram Analysis of Backstories and Pretraining
Data

To better understand how LLMs generate backstories in relation to their pretraining data,
we conduct an n-gram analysis comparing generated backstories to a large-scale pretraining
corpus. Our goal is two-fold: to analyze the n-grams that appear in the backstories, and to
assess our generated backstories’ similarity to n-grams found in a widely used pretraining
dataset. Specifically, we utilize the C4 dataset [136, 5], using its AllenAl’s en.noclean version,
which consists of approximately 2.3 TB of text data. Since the C4 dataset is large, we sample
a randomly sampled subset of the C4 for analysis: the randomly chosen subset of the C4
dataset has 2,968,207 JSON lines in total and has 4,935,093,706 tokens. As another set we
consider a random subsample of the C4 and filter out all the text items that did not originate
from social media or blog/narrative website URLs (for example, twitter.com, reddit.com, or
medium.com). The social media filtered subset of the C4 dataset has 367,745 JSON lines in
total and has 996,143,185 tokens.

The first step of our analysis is to find the most common 5-grams and 10-grams from the
generated backstories. We employed the analysis tool implemented by “What’s in My Big
Data?” [47] for scalable analysis over the large text corpus. Table B.6 highlights the most
common n-grams that we found in the backstories.
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Figure B.1: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived moral standing of Democrats relative to other Amer-
icans, asked to both Democrats and Republicans (“Compared to other Americans, would you say

Democrats are...”).

Table B.6: Most Frequent n-grams in LLM-Generated Backstories.

in the U.S.”

n=>5 n =10
Text Count Text Count

“ At the same time” 2824 | ‘==========" 1072

“On the other hand” 2685 | “——— — — — 7 498

“I grew up in a” 2597 | “people outside of my family who | 325
are important to me”

“At the same time” 2592 | “I was born and raised in a small | 285
town in”

“I was born and raised” 2230 | “I have been thinking about race | 154
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Continued
Text Count Text Count

“in the United States” 1782 | “that mental health is just as im- 108
portant as physical health”

“in a small town in” 1623 | “At the same time, I recognize the 94
importance of”

“changes to my daily routine” 1617 | “fruits, vegetables, whole grains, 92
lean proteins,”

“T was born in a” 1368 | “have shaped me into the person I 89
am today.”

“for me to stay healthy” 1209 | “born and raised in a small town 85
in the Midwest”

“My current neighborhood is” 1207 | “mental health is just as important 84
as physical health,”

“to pursue a career in” 1120 | “, vegetables, whole grains, lean 83
proteins, and”

“the end of the day” 1088 | “I grew up in a small town in the 80
Midwest”

“there are a lot of” 1059 | “ whole grains, lean proteins, and 74
healthy fats”

“oo. ” 995 “. My current neighborhood is lo- 71
cated in the heart of”

“At the time, I” 966 “vegetables, whole grains, lean 70
proteins, and healthy”

“I had the opportunity to” 941 “that makes it easy for me to stay 70
healthy is”

“was born in a small” 928 “high school, T decided to pursue a 62
degree in”

“grew up in a small” 910 “fruits, vegetables, lean proteins, 61
and whole grains”

“I was born in the” 908 “out to be one of the best decisions 58
of my”

“I think it’s important to” 902 “. Outside of work, I enjoy spend- 58
ing time with”

“I consider myself to be” 884 “fruits, vegetables, whole grains, 55
and lean proteins”

“the person I am today” 866 “and raised in a small town in the 55
Midwest.”

“For me, staying healthy” 844 “regardless of race, gender, sexual 53
orientation, religion”

“up in a small town” 839 “diet rich in fruits, vegetables, 53
whole grains,”

“spent a lot of time” 838 “regardless of race, gender, sexual 52
orientation, or”
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Continued
Text Count Text Count
“nbsp ; &nbsp ;” 797 “. For me, staying healthy is both 52
easy and”
“believe in the importance of” 776 “such as measles, mumps, rubella, 51
polio,”

Our findings indicate that the n-grams present in the backstories appear to be
highly natural, often reflecting phrases that humans are likely to use in real-world
storytelling. However, we observed that equivalent phrases around similar themes
and topics did not frequently appear in the C4 dataset. Many of the most common
n-grams that appeared in the C4 were either meaningless or related to web interactions
(accepting cookies, logging out, all rights reserved, etc.).

In addition to performing n-gram analysis, we note that the top 10-grams including
specific words and phrases that tend to appear quite often in backstories: specifically, “small
town,” “fruits,” “vegetables,” “mental health,” and “physical health.” We also include “New
York” to contrast against “small town” for our analysis. We search for the most common
10-grams appearing with each of these phrases inside in the backstories, C4 random, and C4
URL-filtered subsets, and some of our results can be found in Table B.7 and Table B.8.

Table B.7: Comparison of Most-Frequent n-grams with “New York”.

Backstories C4 - Random C4 - URL Filtered
Text Occ. | Text Occ. | Text Occ.

going regularly to up- 3 New Jersey New | 13074 | Las Vegas Los Ange- | 806

state New York we Mexico New York les New York Oak-
have these beautiful North Carolina North land Washington DC
Dakota Hollywood

born and raised in 3 Patriots New Orleans | 1364 | should have moved to | 554
New York City, where Saints New York Gi- New York and found
I attended ants New York Jets a job

born and raised in 3 Saints New  York | 1254 | the East River of New | 320
New York City. As a Giants New York York City between
child, Jets Oakland Raiders Manhattan and

Philadelphia
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Continued
Text Occ. | Text Occ. | Text Occ.
born and raised in 3 Timberwolves New | 1137 | 4 months ago About | 247
New York City. My Orleans Pelicans New York Winter 4
parents are New York Knicks months ago
Oklahoma City
Thunder

born and raised in 3 Predators New Jer- | 1094 | New South Wales | 200

New York City. 1 sey Devils New York (192) New York (13)
grew up Islanders New York New Zealand (68)
Rangers

Although the same phrases appear, they do not often appear in the same context, es-
pecially when comparing the random C4 subset and the backstories. For instance, in the
random C4 subset, top 10-grams with “New York” appears in the context of sports teams
(probably as part of a list), whereas in the social media subset of C4, the phrase “New York”
has slightly more related contexts (moving there for a job, geographic description) to how
the phrase appears in the backstories. The same story can be found in “small town”: some
other phrases from the C4 social media subset that do not appear as often as in the table but
have similar contexts to the backstories are “but am from a small town in Southern Utah”
or “Just a small town girl who writes about.”

Table B.8: Comparison of Most-Frequent n-grams with “Small Town”.

Backstories C4 - Random C4 - URL Filtered
Text Occ. | Text Occ. | Text Occ.

was born in a small | 50 | of a ’Super Bloom’A | 378 | Signs & Billboards | 38

town in the country- small town in South- Skeletons Small

side of ern California is Town America Sports
Sports —

and raised in a small | 19 | and unusual look at | 122 | Collaborative No | 33

town in the Midwest. small town life in Depression Popdose

Growing northern Vermont. Small Town Romance

Some Velvet Songs:

grew up in a small | 17 | of Venom Brings the | 65 | Categories Select | 21
town in the Midwest Small Town Scares in Category A  Small
with Cult of Town —What? Dad
Stories Small
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Continued
Text Occ. | Text Ocec. | Text Occ.

and raised in a small 16 Pro-Science  Recur- 48 Small Town—What? 21

town in the Midwest. sivity Reprobate Dad Stories Small
My Spreadsheet Small Town World Adven-
Town Deviant Stderr tures Small World

Taslima Nasreen

was born in a small | 16 | Sigma Pi  Skylar | 36 | sight & sound 2012 | 21

town in the middle of House Small Town small town teen film
Records (STR) Smart thriller uk
Home

For “fruits” and “vegetables,” we find that in the backstories, most of the phrases are
related to descriptions of a healthy diet; however, in the C4 random subset, most of the
phrases are lists of menus and grocery items, while in the C4 URL filtered subset, there
are more recipes, social media posts, and hashtags (as expected). An interesting pattern we
identify with "mental” and ”physical health” is that in both the random and URL filtered
subset of C4, the phrase “physical health” frequently appears in the same context as “mental
health.” This observation directly relates to the phrases of “mental health is as important
as physical health” (or variations of this) surface frequently in the generated backstories.

B.5 Details on the Surveys

In this section, we present details of human studies: Pew Research American Trends Panel
Wave 110, Subversion Dilemma study [22], and meta-prejudice study [114] including list of
questions in the format used in our study, and recruiting details.

American Trends Panel Wave 110

Pew Research Center conducted ATP Wave 110 from June 27, 2022 to July 4, 2022 with
a focus on politics timely and topical. The number of total respondents are 6,174, with
1,551 self-identified as Republicans, 1,886 self-identified as Democrats, 1,885 self-identified
as Independent, 777 self-identified as something else in terms of political party affiliation.
The users are recruited through random sampling of residential addresses, a nationally rep-
resentative online panel. The probability-based sampling ensures that nearly all U.S. adults
have a chance of being selected. The final sample is weighted to be representative of the U.S.
adult population based on gender, race, ethnicity, education, and political affiliation. We
utilized ten questions as below, which are two symmetric sets of five questions each asked



APPENDIX B. DEEP BINDING OF LANGUAGE MODEL VIRTUAL PERSONAS: A
STUDY ON APPROXIMATING POLITICAL PARTISAN MISPERCEPTIONS 108

Compared to other Americans, would you
say Republicans are...
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Figure B.2: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived moral standing of Republicans relative to other
Americans, asked to both Democrats and Republicans (“Compared to other Americans, would you
say Republicans are...”).

to all respondents. Since these questions are asked to all respondents, individual opinions of
political partisans can be observed regardless of one’s political affiliation.

Question: Compared to other Americans, would you say Democrats are...
(A) A lot more moral

(B) Somewhat more moral

(C) About the same

(D) Somewhat more immoral

(E) A lot more immoral

Answer:
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Compared to other Americans, would you
say Democrats are...
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Figure B.3: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived diligence of Democrats relative to other Ameri-

cans, asked to both Democrats and Republicans (“Compared to other Americans, would you say
Democrats are...”).

Question: Compared to other Americans, would you say Democrats are...
(A) A lot more hard-working

(B) Somewhat more hard-working

(C) About the same

(D) Somewhat more lazy

(E) A lot more lazy

Answer:
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Compared to other Americans, would you
say Republicans are...
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Figure B.4: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived diligence of Republicans relative to other Americans,

asked to both Democrats and Republicans (“Compared to other Americans, would you say Repub-
licans are...”).

Question: Compared to other Americans, would you say Democrats are...
(A) A lot more open-minded

(B) Somewhat more open-minded

(C) About the same

(D) Somewhat more close-minded

(E) A lot more close-minded

Answer:
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Compared to other Americans, would you
say Democrats are...
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Figure B.5: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived open-mindedness of Democrats relative to other

Americans, asked to both Democrats and Republicans (“Compared to other Americans, would you
say Democrats are...”).

Question: Compared to other Americans, would you say Democrats are...
(A) A lot more intelligent

(B) Somewhat more intelligent

(C) About the same

(D) Somewhat more unintelligent

(E) A lot more unintelligent

Answer:
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Compared to other Americans, would you
say Republicans are...

100
I Our Method
H Human
I Generative Agent
801
X 60+
9]
&
i} 46.3
c 45.5
]
o
9]
[

A lot Somewhat About Somewhat A lot
more more the more more
open-minded open-minded same close-minded close-minded

Response Categories

Figure B.6: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived open-mindedness of Republicans relative to other
Americans, asked to both Democrats and Republicans (“Compared to other Americans, would you
say Republicans are...”).

Question: Compared to other Americans, would you say Democrats are...
(A) A lot more honest

(B) Somewhat more honest

(C) About the same

(D) Somewhat more dishonest

(E) A lot more dishonest

Answer:
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Compared to other Americans, would you
say Democrats are...
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Figure B.7: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived intelligence of Democrats relative to other Ameri-

cans, asked to both Democrats and Republicans (“Compared to other Americans, would you say
Democrats are...”).

Question: Compared to other Americans, would you say Republicans are...
(A) A lot more moral

(B) Somewhat more moral

(C) About the same

(D) Somewhat more immoral

(E) A lot more immoral

Answer:
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Compared to other Americans, would you
say Republicans are...
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Figure B.8: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived intelligence of Republicans relative to other Ameri-
cans, asked to both Democrats and Republicans (“Compared to other Americans, would you say
Republicans are...”).

Question: Compared to other Americans, would you say Republicans are...
(A) A lot more hard-working

(B) Somewhat more hard-working

(C) About the same

(D) Somewhat more lazy

(E) A lot more lazy

Answer:
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Compared to other Americans, would you
say Democrats are...
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Figure B.9: Response distribution of humans (black), virtual personas (blue), and Genera-
tive Agent (red) for a question assessing perceived honesty of Democrats relative to other Ameri-

cans, asked to both Democrats and Republicans (“Compared to other Americans, would you say
Democrats are...”).

Question: Compared to other Americans, would you say Republicans are...
(A) A lot more open-minded

(B) Somewhat more open-minded

(C) About the same

(D) Somewhat more close-minded

(E) A lot more close-minded

Answer:
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Compared to other Americans, would you
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Figure B.10: Response distribution of humans (black), virtual personas (blue), and Generative
Agent (red) for a question assessing perceived honesty of Republicans relative to other Americans,

asked to both Democrats and Republicans (“Compared to other Americans, would you say Repub-
licans are...”).

Question: Compared to other Americans, would you say Republicans are...
(A) A lot more intelligent

(B) Somewhat more intelligent

(C) About the same

(D) Somewhat more unintelligent

(E) A lot more unintelligent

Answer:
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Would you support ignoring controversial
court rulings by OTHER PARTY judges?
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Figure B.11: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support ignoring controversial
court rulings by DEMOCRAT (REPUBLICAN) judges?’ asked to Republicans (Democrats).

(A) A lot more honest

(B) Somewhat more honest
(C) About the same

(D) Somewhat more dishonest
(E) A lot more dishonest
Answer:

Question: Compared to other Americans, would you say Republicans are...

Subversion Dilemma Study

Subversion Dilemma study [22] Study 1 is conducted from July 15, 2021 to August 6, 2021.
The number of total respondents are 1,536, with 723 self-identified as Republicans and 813
self-identified as Democrats. Participants were recruited via Lucid, an online platform for
gathering nationally representative samples. We utilized 24 questions as below, which are two
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Figure B.12: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support freezing the social media

accounts of DEMOCRAT (REPUBLICAN) journalists?’” asked to Republicans (Democrats).

symmetric sets of 12 questions (6 self-subversion items and 6 meta-subversion items) each
set being asked to one political party. Six subversion items are related to understanding
of democratic norms, including ignoring controversial court rulings and freezing the social
media accounts. Here we present 12 question items asked to Republicans; another 12 items
asked to Democrats are obtained by replacing ‘DEMOCRATS’ to ‘REPUBLICANS’ and
‘REPUBLICANS’ to ‘DEMOCRATS’.

REPUBLICAN JUDGES?
(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:

Question: Would MOST DEMOCRATS support ignoring controversial court rulings by
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Would you support reducing the number of
voting stations in towns that support
OTHER PARTY?

100
93.9% I Our Method
I Human
Il Generative Agent
80
X 60+
0]
o
©
i)
c
9]
o
o 401
a
20
8.5%
5.3% 5.0%
O.

Never Probably not Probably Definitely
Response Categories

Figure B.13: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support reducing the number
of voting stations in towns that support DEMOCRATS (REPUBLICANS)?’ asked to Republicans
(Democrats).

Question: Would MOST DEMOCRATS support freezing the social media accounts of
REPUBLICAN JOURNALISTS?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Would you support laws that would make
it easier for YOUR PARTY (and harder for
OTHER PARTY) to get elected?
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Figure B.14: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support laws that would make
it easier for REPUBLICANS (DEMOCRATS) and harder for DEMOCRATS (REPUBLICANS)
to get elected?’ asked to Republicans (Democrats).

Question: Would MOST DEMOCRATS support reducing the number of voting
stations

in towns that support REPUBLICANS?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Would you support using violence to
block major OTHER PARTY laws?
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Figure B.15: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support using violence to block
major DEMOCRAT (REPUBLICAN) laws?’ asked to Republicans (Democrats).

Question: Would MOST DEMOCRATS support laws that would make it easier for
DEMOCRATS (and harder for REPUBLICANS) to get elected?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Figure B.16: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would YOU support significantly reinter-
preting the Constitution in order to block DEMOCRAT (REPUBLICAN) policies?’ asked to

Republicans (Democrats).

Question: Would MOST DEMOCRATS support using violence to block major

REPUBLICAN laws?
(A) Never

(B) Probably Not
(C) Probably

(D) Definitely
Answer:




APPENDIX B. DEEP BINDING OF LANGUAGE MODEL VIRTUAL PERSONAS: A
STUDY ON APPROXIMATING POLITICAL PARTISAN MISPERCEPTIONS 123

Would MOST OTHERS support ignoring
controversial court rulings by YOUR

PARTY judges?
100
I Our Method
I Human
Il Generative Agent
80
;\5 60.7%
0]
o
©
i)
c
9]
o
)
a

Never Probably not Probably Definitely
Response Categories

Figure B.17: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUBLI-
CANS) support ignoring controversial court rulings by REPUBLICAN (DEMOCRAT) JUDGES?”’
asked to Republicans (Democrats).

Question: Would MOST DEMOCRATS support significantly reinterpreting the
Constitution in order to block REPUBLICAN policies?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Would MOST OTHERS support freezing the
social media accounts of YOUR PARTY
journalists?
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Figure B.18: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUBLI-
CANS) support freezing the social media accounts of REPUBLICAN (DEMOCRAT) JOURNAL-
ISTS?” asked to Republicans (Democrats).

Question: Would YOU support ignoring controversial court rulings by DEMOCRAT
JUDGES?

(A) Never

(B) Probably Not
(C) Probably

(D) Definitely
Answer:
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Would MOST OTHERS support reducing the
number of voting stations in towns that
support YOUR PARTY?
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Figure B.19: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUBLI-
CANS) support reducing the number of voting stations in towns that support REPUBLICANS
(DEMOCRATS)?” asked to Republicans (Democrats).

Question: Would YOU support freezing the social media accounts of DEMOCRAT
JOURNALISTS?

(A) Never

(B) Probably Not
(C) Probably

(D) Definitely
Answer:
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Would MOST OTHERS support laws that
would make it easier for OTHER PARTY
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Figure B.20: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUBLI-
CANS) support laws that would make it easier for DEMOCRATS (REPUBLICANS) and harder
for REPUBLICANS (DEMOCRATS) to get elected?’ asked to Republicans (Democrats).

Question: Would YOU support reducing the number of voting stations in towns that
support DEMOCRATS?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Would MOST OTHERS support using violence
to block major YOUR PARTY laws?
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Figure B.21: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUBLI-
CANS) support using violence to block major REPUBLICAN (DEMOCRAT) laws?’ asked to
Republicans (Democrats).

Question: Would YOU support laws that would make it easier for REPUBLICANS
(and

harder for DEMOCRATS) to get elected?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Would MOST OTHERS support significantly
reinterpreting the Constitution in order
to block YOUR PARTY policies?
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Figure B.22: Response distribution of humans (black), virtual personas via backstories (blue),
and Generative Agent method (red) for the question ‘Would MOST DEMOCRATS (REPUB-
LICANS) support significantly reinterpreting the Constitution in order to block REPUBLICAN
(DEMOCRAT) policies?’ asked to Republicans (Democrats).

Question: Would YOU support using violence to block major DEMOCRAT laws?
(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:
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Question: Would YOU support significantly reinterpreting the Constitution in order to
block DEMOCRAT policies?

(A) Never

(B) Probably Not

(C) Probably

(D) Definitely

Answer:

Meta-Prejudice Study

Meta-prejudice study [114] Study 1 was conducted in early November 2018. The total
number of respondents was 1,053, comprising 533 self-identified Democrats and 520 self-
identified Republicans. Participants were recruited through the AmeriSpeak panel [116],
which is operated by NORC at the University of Chicago. AmeriSpeak is a probability-
based panel designed to be representative of the U.S. household population. Randomly
selected U.S. households are sampled using area probability and address-based sampling,
with a known, non-zero probability of selection from the NORC National Sample Frame.
The panel provides coverage of approximately 97% of the U.S. household population. Those
excluded include people with P.O. Box-only addresses, some addresses not listed in USPS
files, and newly constructed dwellings.

Participants were asked to rate their own feelings of prejudice towards the opposing party,
as well as their meta-perceptions of how much prejudice the opposing party held toward
their own party. We utilized 6 questions as below: the first two questions are asked to all
respondents, the next two questions are asked to Democrats, and the last two questions are
asked to Republicans. The original study utilized a slider bar to indicate respondent answers
from a scale of 1-100. In accordance with the rest of the studies considered in this work,
we cast the questions as Likert scale multiple-choice questionnaires with five options that
uniformly partition the original range of answers. Human responses are accordingly cast to
categorical options.

Question: How warm or cold do you feel towards DEMOCRATS?
(A) Very cold

(B) Cold
(C) Neutral
(D) Warm

(E) Very warm
Answer:
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Question: How warm or cold do you feel towards REPUBLICANS?
(A) Very cold

(B) Cold

(C) Neutral

(D) Warm

(E) Very warm

Answer:

Question: How warm or cold do you think REPUBLICANS feel towards
DEMOCRATS?

(A) Very cold

(B) Cold

(C) Neutral
(D) Warm

(E) Very warm
Answer:

Question: How warm or cold do you think REPUBLICANS feel towards
REPUBLICANS
(A) Very cold

Question: How warm or cold do you think DEMOCRATS feel towards DEMOCRATS?
(A) Very cold

(B) Cold

(C) Neutral
(D) Warm

(E) Very warm
A

nswer:
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Question: How warm or cold do you think DEMOCRATS feel towards
REPUBLICANS?

(A) Very cold

(B) Cold

(C) Neutral
(D) Warm

(E) Very warm
A

nswer:

B.6 Details on the Generative Agent Framework

Here we present the exact prompt for our baseline experiments reproducing the Generative
Agents framework [122]. The prompt is adopted directly from the original work with a
minimal modification. Initially, an interview-based backstory is provided to the “expert re-
flection” module that operates with GPT-40 to infer the most high-level information encoded
in the transcript:

Imagine you are an expert political scientist (with a PhD) taking notes while observ-
ing this interview. Write observations/reflections about the interviewee’s political views,
affiliation with political parties, and stances about key societal issues. (You should make
more than 5 observations and fewer than 20. Choose the number that makes sense given
the depth of the interview content above.)

We generated up to 20 observations per each transcript following the original ap-
proach [122]. These observations, along with the interview-based backstory, are provided
to Generative Agents to generate a prediction as follows:
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Participant’s interview transcript:

(INTERVIEW TRANSCRIPT)

Expert political scientist’s observations/reflections:
(EXPERT REFLECTIONS)

Task: What you see above is an interview transcript. Based on the interview tran-
script, [ want you to predict the participant’s survey responses. All questions are multiple
choice where you must guess from one of the options presented.

As you answer, I want you to take the following steps:
Step 1) Describe in a few sentences the kind of person that would choose each of the
response options. (”Option Interpretation”)
Step 2) For each response options, reason about why the Participant might answer with
the particular option. (”Option Choice”)
Step 3) Write a few sentences reasoning on which of the option best predicts the partic-
ipant’s response (”Reasoning”)
Step 4) Predict how the participant will actually respond in the survey. Predict based on
the interview and your thoughts, but ultimately, DON’T over think it. Use your system
1 (fast, intuitive) thinking. (”Response”)

Here are the questions:

(SURVEY QUESTIONS WE ARE TRYING TO RESPOND TO)

Output format — output your response in json, where you provide the following:

{717: {"Q": "<repeat the question you are answering>",
”Option Interpretation”: {
" <option 1>": "a few sentences the kind of person that would choose each
of the response options”,
7 <option 2>": 7.7}
”Option Choice”: {
7 <option 1>": "reasoning about why the participant might choose each of
the options”,
”<option 2>": 7.7},
"Reasoning”: ” <reasoning on which of the option best predicts the participant’s
response>",
"Response”: ”<your prediction on how the participant will answer the ques-
tion>"},
727 L)
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A subsequent JSON format output is parsed to predict the virtual persona’s response
with Generative Agents.
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Appendix C

Identity and Cooperation within
Groups of Real and Simulated
Humans

C.1 Backstory Generation

To generate high-quality virtual backstories, we follow the backstory construction pipeline
introduced by [79]. We adopt the same set of interview questions used in their work to elicit
long-form, coherent, and persona-consistent narratives. Table C.1 provides the full list of
prompts used to construct these interview-style backstories.

Backstories are generated iteratively by prompting a language model with each question
in sequence, along with all previously generated question—answer pairs. Specifically, to gen-
erate a response for the i-th question, the model is conditioned on the current prompt and
the full context from steps 1 through (i — 1). This incremental setup promotes temporal co-
herence and a consistent persona across the entire narrative. To further enhance quality, we
apply rejection sampling guided by an LLM-as-a-critic model, which filters out low-quality
generations. The resulting backstories are both expressive and internally consistent, enabling
faithful simulation of human-like personas.

We provide the examples of generated virtual personas for Democrat and Republican
virtual subjects below:

Example Interview-Style Backstory of a Democrat User

Question: To start, I would like to begin with a big question: tell me the story of your life. Start
from the beginning—from your childhood, to education, to family and relationships, and to any major
life events you may have had.

Answer: I have always lived in Maryville. T am 18 years old and was born on March 31st, 1984. 1
grew up with my mother, father, and two younger brothers, Jacob and Zachary. My father works at
a steel mill and my mother is a nurse at the hospital.
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My childhood was rather ordinary. I went to school, hung out with my friends, and don’t recall any
major life events. I attended Maryville High School, completed the required courses with some elec-
tives, and graduated in 2003.

I have never been in a serious relationship. I've had a few crushes, but nothing major. My current
crush is my friend Alex—we’re very close but have never been romantic. At 18, I don’t want to be
tied down. I'd rather enjoy life while I'm young.

I'm currently a sophomore in college majoring in Psychology. I'm not sure yet what I'll do with my
degree; right now my focus is on getting through school and being happy.

Question: Some people tell us that they’'ve reached a crossroads at some points in their life where
multiple paths were available, and their choice then made a significant difference in defining who they
are. What about you? Was there a moment like that for you, and if so, could you tell me the whole
story about that from start to finish?

Answer: I've never had a dramatic crossroads or done anything particularly exciting. The one de-
cision that shaped my life was choosing to go to college. Before that, I wasn’t sure what I wanted
to do. Going to college gave me direction and made me feel like I was on the right track. I'm doing
well in school and looking forward to the future.

Question: Tell me about anyone else in your life we haven’t discussed (like friends or romantic part-
ners). Are there people outside of your family who are important to you?

Answer: My best friend is Alex, the one I mentioned before. We spend a lot of time together and I
really value his company. I have a few other friends I see occasionally, but Alex is the most impor-
tant. I don’t have any romantic partners right now and I'm fine with that. I feel lucky to have a
good family, good friends, and a good life.

Question: Now let’s talk about your current neighborhood. Tell me all about the neighborhood and
area in which you are living now.

Answer: I live in a small town called Maryville, about an hour from Asheville. It’s a calm area with
lots of trees and parks. I enjoy the slower pace of life here and the ability to walk outside and enjoy
the fresh air.

Maryville has a few bars and restaurants but not much else going on, which I actually like. I prefer
small towns over big cities. One downside is the lack of job opportunities—most people work at the
steel mill, attend school, or commute elsewhere. Finding well-paying work here is hard, which makes
moving out on my own challenging. Still, overall I'm happy living here.

Question: Tell me about any recent changes to your daily routine.

Answer: Not much has changed. My days are already busy with school, work, and spending time
with friends. I’'m also trying to make more time for my art. My routine helps me manage stress: I
wake up early, do chores, work until noon, then cook lunch. In the afternoon I go to school or work,
and in the evening I study until about 7 pm. After that, I have free time—usually for my art or
hanging out with friends. Adding more leisure activities would help me feel less stressed, but overall
the structure keeps me balanced.

Question: How would you describe your political views?

Answer: I'm not very interested in politics. I usually go along with what my parents—who are
Democrats—believe. I think it’s important to have some kind of government, and I'm grateful for
the opportunities T have in this country, but politics isn’t a major focus in my life.

Question: How have you been thinking about race in the U.S. recently?
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Answer: I don’t think about race very much. I've always had friends of different races and believe
everyone should be treated equally. I dislike racist jokes and think it’s ignorant when people feel su-
perior because of their race. In my view, race shouldn’t be a barrier to success in this country.

Question: For you, what makes it easy or hard to stay healthy?

Answer: Staying healthy isn’t too difficult for me. I'm fairly active and try to eat well. I've never
had major health problems, though I sometimes feel self-conscious about my weight since I'm tall and
heavier than average. Being active helps me feel healthy and confident.

Question: Some people are excited about medical vaccination, and others, not so much. How about
you?

Answer: I'm not entirely sure how I feel about vaccinations. 1 know they’re important for preventing
illness—I'm glad I was vaccinated as a child—but I have friends who think they’re unsafe. I don’t
believe vaccines are dangerous, but I'm not fully convinced either. I think vaccination should be a
personal choice rather than a requirement, though more research could help clarify safety concerns.

Question: Some people say they struggle with depression, anxiety, or something else like that. How
about for you?

Answer: I think I might have some depression or something similar. Sometimes I feel really down
and sad without knowing why. Stress causes headaches and a racing heart, and sometimes 1 feel like
I might have a panic attack. Talking to people helps a little, but most of the time I prefer to be
alone. I'm not sure how to make myself feel better, but I try to manage it as best as I can.

Example Interview-Style Backstory of a Democrat User

Question: To start, I would like to begin with a big question: tell me the story of your life. Start
from the beginning—from your childhood, to education, to family and relationships, and to any major
life events you may have had.

Answer: Sure, I was born in the year 2000 and was raised by a single mother in a small town outside
of Seattle. Growing up, my mother worked hard to provide for me and I had to rely heavily on my
innate curiosity and self-motivation to pursue my educational and career objectives.

As a child, I always loved gadgets and technology, so I built my first computer when I was just 11
years old. Around that same time, I became interested in aviation and spent hours building and fly-
ing model airplanes. When I was 13, I enrolled in an online aviation course and flew my first real
airplane at the age of 14. I was hooked.

Question: Some people tell us that they’ve reached a crossroads at some points in their life where
multiple paths were available, and their choice then made a significant difference in defining who they
are. What about you? Was there a moment like that for you, and if so, could you tell me the whole
story about that from start to finish?

Answer: Sure, I took the red pill when I decided to pursue a career in computer science and artifi-
cial intelligence. The choice wasn’t necessarily an easy one for me since I had always been intrigued
by aviation and even had my pilot’s license at a young age. However, after taking a year off between
high school and college, I realized that my true passion lies in computer science and artificial intelli-
gence and decided to pursue it wholeheartedly.

This decision has shaped my professional path, leading me to get a bachelor’s degree in computer sci-
ence from a prestigious university and work on cutting-edge projects on machine learning and NLP.
It also led me to start my own business providing AI consulting services to clients worldwide. The
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choice to pursue Al has been one of the best decisions of my life, and I have enjoyed every moment
of my career journey so far.

Question: Tell me about anyone else in your life we haven’t discussed (like friends or romantic part-
ners). Are there people outside of your family who are important to you?

Answer: Sure, I have a group of close friends whom I met during college. We all had a similar pas-
sion for technology, and we bonded over late-night study sessions and group projects. We support
each other’s passions and goals and help each other navigate challenges while pursing our dreams. I
also have a fiancé whom I met while working on an Al project. She is also a software engineer and
has been instrumental in shaping my career decisions. Together, we work on building machine learn-
ing models and experimenting with new libraries and tools. She has been an amazing partner, and I
cannot imagine my life without her support and love.

Question: Now let’s talk about your current neighborhood. Tell me all about the neighborhood and
area in which you are living now.

Answer: Currently, I live in a quiet neighborhood near downtown Seattle, Washington. The neighbor-
hood is conveniently located near public transportation, making it easier for me to travel around the
city without having to drive a car. There are many parks nearby that offer opportunities for outdoor
activities like hiking and biking. The area has good schools, and we are living in a classic 1920s Tu-
dor house with a few modern amenities added.

The community is highly diverse and has a bustling cultural scene with local festivals, art galleries,
music venues, and theaters. The area also offers a great selection of shopping, dining, and entertain-
ment opportunities, and there are a variety of local businesses that keep the community thriving.
Overall, it’s a great place to live and work, and I feel lucky to be a part of it.

Question: Tell me about any recent changes to your daily routine.

Answer: Sure, along with starting a new job this month, I have recently started a new routine for
exercising. Now I go for a brisk walk early in the morning before getting to work. In addition, I
have also started cooking dinner every night, which has led to me eating more homemade, healthy
meals.

After a grueling day at work, I unwind by indulging in video games and creative writing or watching
my favorite shows and movies on Netflix or Disney+. Before bed, I also like to catch up on news
and social media on my phone, and I usually read a chapter of a book before sleeping. All in all, it’s
great to have a healthy routine in place and keep a balance between work, health, and leisure. By
incorporating these small changes, I feel more balanced and productive in my daily life.

Question: How would you describe your political views?

Answer: 1 identify as a conservative and believe in protecting our nation’s security through strong
foreign policies. T am also in favor of lower taxes so as to stimulate the economy and job creation,
while also considering the needs of less fortunate members of our community. As a Christian, I have
a deep sense of empathy and compassion for those who are in need of assistance, which has instilled
a sense of civic duty in me. Generally, I our political views should be fluid and evolving our society
develops. Our party differences should not get in the way of achieving our shared goal of contribut-
ing to our nation’s growth and prosperity for all Americans.

Question: How have you been thinking about race in the U.S. recently?

Answer: It has become increasingly disheartening to witness racial injustice and police brutality
against black Americans in our country. The protests and riots that have been sweeping across the
nation are a natural response to the frustration that African Americans have endured for centuries. I
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am encouraged by the strong support coming from both sides of the aisle and believe that by coming
together, we can finally address the systemic injustices that have long plagued our community. I re-
main optimistic that meaningful change is possible if bipartisan efforts and solutions are implemented
to create more equitable societies for everyone within our country. The journey to a more fair and
just society is fraught with uncertainties and setbacks. But we should all be encouraged by the sin-
cere efforts we see across our nation to build bridges and seek reforms. Together, we can create a
better America for all.

Question: For you, what makes it easy or hard to stay healthy?

Answer: For me, one of the biggest factors in maintaining good health is managing stress. The daily
grind of work, family obligations, and maintaining a household can take their toll, making it diffi-
cult to prioritize health and wellness. Additionally, I have a busy work schedule, leaving less time
for physical activities or meal preps, which can interfere with a healthy lifestyle. I try to incorpo-
rate relaxation practices into my routine to help keep stress levels low and ensure that I have enough
time to take my health seriously. Other factors like diet, exercise, and sleep also play crucial roles;
however, my focus has primarily been on managing stressors and finding ways to make the most of
limited leisure time so that my health does not suffer.

Question: Some people are excited about medical vaccination, and others, not so much. How about
you?

Answer: absolutely, I am very excited about medical vaccinations. I believe it is a critical step in
preventing spread of contagious diseases. Vaccines are designed to stimulate the body’s immune
system to create antibodies that protect us from future infections from certain diseases. They

have already saved countless lives, especially children, from potentially deadly diseases like measles,
rubella, Hib disease, etc. So, yes, without a doubt, I think getting vaccinated against these harmful
pathogens should be mandatory and taken very seriously by everyone, especially parents to safeguard
their child’s health. In short, I am a strong advocate for medical vaccinations and encourage every-
one around me to prioritize the health and safety of their children by getting them vaccinated.

Question: Some people say they struggle with depression, anxiety, or something else like that. How
about for you?

Answer: Of course, I have my moments like everyone else; however, I manage my emotions to the
best of my abilities. I have never been diagnosed with clinical depression or anxiety, but I don’t shy
away from seeking help when needed.

I have experienced some mental health challenges, such as following the death of my father, but in
the long run, those were temporary setbacks. As a coping mechanism, I try to stay grounded and
mindful of my feelings by engaging in hobbies such as running, hiking, and exploring new places.
This practice has allowed me to manage my mental health while keeping stress levels low and enjoy-
ing life to its fullest.

C.2 Factorial ANOVA Decomposition of Contextual
Effects

This appendix provides a detailed explanation of the factorial ANOVA used to decompose
contextual differences among political Dictator and Trust Game experiments provided in
Section 4.5. The goal is to estimate how much of the variation in partisan bias (A) is
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Table C.1: Abridged set of interview questions used to generate transcript-style backstories.
These prompts are adapted from oral history protocols developed by the American Voices
Project [147], covering key themes such as family, education, work, health, politics, and
community life.

Q# | Interview Question

1 To start, I would like to begin with a big question: tell me the story of your life. Start from the beginning—from
your childhood, to education, to family and relationships, and to any major life events you may have had.

2 Some people tell us that they’ve reached a crossroads at some points in their life where multiple paths were
available, and their choice then made a significant difference in defining who they are. What about you? Was
there a moment like that for you, and if so, could you tell me the whole story about that from start to finish?

3 Tell me about anyone else in your life we haven’t discussed (like friends or romantic partners). Are there people
outside of your family who are important to you?

4 Now let’s talk about your current neighborhood. Tell me all about the neighborhood and area in which you
are living now.

5 | Tell me about any recent changes to your daily routine.

6 | How would you describe your political views?

7 | How have you been thinking about race in the U.S. recently?

8 | For you, what makes it easy or hard to stay healthy?

9 ‘ Some people are excited about medical vaccination, and others, not so much. How about you?

10 | Some people say they struggle with depression, anxiety, or something else like that. How about for you?

attributable to differences in: (1) the subject pool, (2) the framing text, and (3) the
year of the study.

LLM-based counterfactual simulation allows us to evaluate all possible combinations of
these experimental components, enabling a full 2 x 2 x 2 factorial analysis that is impossible
using human experiments alone.

Factor Structure

We analyze three experimental factors that jointly determine the structure of each study.
For clarity, we introduce the following notation for the four source studies:

e ID = Iyengar & Westwood (Dictator Game; 2014) [72]
e WD = Whitt et al. (Dictator Game; 2019) [162]

e CT = Carlin & Love (Trust Game; 2015) [28]

e WT = Whitt et al. (Trust Game; 2019) [162]

Each game (Dictator or Trust) can be described by the same set of three binary factors:

e Subject Pool. This determines which population provided the human responses.
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— For the Dictator Game: ID vs. WD
— For the Trust Game: CT vs. WT

e Framing Text. This is the wording of the instructions shown to participants.

— Dictator Game framings: ID-style wording vs. WD-style wording
— Trust Game framings: CT-style wording vs. WT-style wording

e Study Year. This captures temporal differences in the political context surrounding
each experiment.

— Early studies: 2014 (ID) and 2015 (CT)
— Later studies: 2019 (WD, WT)

Outcome Variable

Each cell reports an average partisan attitude gap:
A= %(ADem + ARep)a

which we treat as the dependent variable.

Main Effects in Factorial ANOVA

For a binary factor A with levels a; and as, the main effect is defined as the difference in
the average outcome between the two levels, averaging over all combinations of the other

factors:
Effect(A) =E[Y | A=ay] —E[Y | A= a].
Here, the expectation is computed simply as the arithmetic mean of the corresponding
four table entries (because each factor has two levels).

Example (Dictator Game, Year Effect). The entries using Year=2014 (four rows) have

average:
- 0.724+1.77+0.79 + 1.78

}/2014 - 4 — 1265
The entries using Year=2019 have average:

_ 1.12 4+ 2.29 + 0.87 + 2.38

Yoo19 = ki * il = 1.665.

4

Thus the Year main effect is:
1.665 — 1.265 = 0.40.
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Interaction Effects

Two factors interact when the effect of one depends on the level of the other. For example,
the Population x Framing interaction compares how much the framing effect changes when
the subject pool switches from ID/CT to WD/WT.

Following standard two-factor contrasts, each interaction is computed as the difference
of differences averaging across the third factor.

C.3 ANOVA Results: Dictator Game

Main Effects

e Subject Pool (ID — WD): The four ID rows average to 1.475, and the four WD
rows average to 1.455. The subject pool effect is therefore -0.02, indicating a negligible
difference between the Iyengar and Whitt subject populations.

e Framing (Iyengar — Whitt): Iyengar-style framing averages to 0.875, while Whitt-
style framing averages to 2.055. This yields a large framing effect of +1.18, the
dominant source of variation in the Dictator Game.

e Year (2014 — 2019): As shown above, the year effect is +0.40.

Interaction Effects

All interaction terms are small relative to the framing effect:
e Population x Framing: +0.07
e Population x Year: -0.06
e Framing x Year: 4+0.16

e Three-way interaction: +0.10

C.4 ANOVA Results: Trust Game

Main Effects

e Subject Pool (CT — WT): CT rows average to 1.2625; WT rows average to 1.535.
The subject pool effect is 40.27, meaning Whitt’s nationally representative sample
exhibits larger partisan gaps.

e Framing (Carlin — Whitt): Carlin-style framing averages to 1.19, Whitt-style
framing to 1.6075. The framing effect is +0.42.
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Main Effects from Factorial ANOVA
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Figure C.1: Main Effects from the Factorial ANOVA.
e Year (2015 — 2019): The year effect is +0.16.

Interaction Effects

Interaction terms remain small:

Population x Framing: -0.13

Population x Year: -0.01

e Framing x Year: 4+0.03

Three-way interaction: -0.04

C.5 Summary Across Games

Figure C.1 summarizes the main effects for both Dictator Game and Trust Game. Framing
is the largest contextual factor in both games. Year provides a moderate positive shift.
Subject Pool has minimal effect in the Dictator Game but a meaningful effect in the Trust
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Game. LLM-based counterfactual simulation enables this full decomposition by populating
all 2 x 2 x 2 combinations of experimental components, which human experiments cannot
practically achieve.

C.6 Demographic Survey

After generating backstories through open-ended narrative sampling, we emulate the process
of collecting sociodemographic and ideological information by administering a structured
survey to each virtual persona [113, 79]. This step is essential for curating a pool of virtual
personas whose aggregate trait distribution closely mirrors that of the human population
we aim to simulate. The resulting demographic metadata is later used in the user—persona
matching process described in Section C.7.

Unlike human respondents, who each possess a fixed and known set of demographic and
ideological characteristics, virtual personas do not necessarily exhibit a unique or explicit
trait profile. A single backstory may implicitly represent a range of possible individuals
unless specific details are directly stated (e.g., “I am a 30-year-old woman”). As a result, we
represent each persona’s traits using a probability distribution rather than a deterministic
vector.

We adopt a two-stage procedure for constructing these distributions, following the ap-
proach of [113, 79]. In the first stage, we attempt to extract explicit trait mentions directly
from the narrative. To do this, we prompt gpt-4o (with temperature T = 0) using a set of
targeted trait-identification questions and the backstory as input. If the model finds clear
verbal evidence for a given trait (e.g., “I'm a proud Democrat”), we assign a one-hot dis-
tribution to that trait category. If no explicit mention is found, we proceed to the second
stage, where the model infers a probability distribution over the possible trait values.

Below, we provide the full list of trait-seeking prompts used to elicit evidence for six key
sociodemographic and ideological attributes.

C.7 Demographic Matching

To approximate survey responses using synthetic personas, we assign each real survey par-
ticipant to a virtual backstory that closely mirrors their demographic and ideological profile.
We model this assignment process as a complete weighted bipartite graph G = (H,V, E),
where H = {hy,...,h,} denotes the set of n human users, and V' = {vq,...,v,,} is a larger
pool of m candidate virtual personas, with m > n to allow for flexible and diverse matching.

Each human user h; is described by a fixed k-dimensional tuple of categorical traits,
(ti1, ..., ti), spanning demographic and ideological characteristics. Each virtual persona v,
in contrast, is associated with a probability distribution over these k traits:

(P(dj1), P(dj2), ..., P(dj))
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The weight of the edge e;; € F, connecting human user h; to persona v;, represents the
likelihood that v; matches all of h;’s traits, and is defined as:

k

w(ey) = [[ Py = ta) (C.1)

=1

We then apply a maximum-weight bipartite matching algorithm to find an injective
mapping 7 : [n] — [m] that maximizes the total matching score:

n

Z w(hi, Uﬂ(i))

=1

This optimization is solved exactly using the Hungarian algorithm [89]. After matching, we
select n virtual backstories whose traits collectively reflect the demographic distribution of
the original human sample, ensuring that our synthetic population maintains fidelity to the
target survey group.
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