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ABSTRACT

This work argues that large language model (LLM)-based social simulations should
establish clear boundaries to meaningfully contribute to social science research.
While LLMs offer promising capabilities for modeling human-like agents compared
to traditional agent-based modeling, they face fundamental limitations that constrain
their reliability for social pattern discovery. The core issue lies in LLMs’ tendency
towards an “average persona” that lacks sufficient behavioral heterogeneity, a critical
requirement for simulating complex social dynamics. We examine three key bound-
ary problems: alignment (simulated behaviors matching real-world patterns), consis-
tency (maintaining coherent agent behavior over time), and robustness (reproducibil-
ity under varying conditions). We propose heuristic boundaries for determining
when LLM-based simulations can reliably advance social science understanding. We
believe that these simulations are more valuable when focusing on (1) collective pat-
terns rather than individual trajectories, (2) agent behaviors aligning with real popula-
tion averages despite limited variance, and (3) proper validation methods available for
testing simulation robustness. We provide a practical checklist to guide researchers
in determining the appropriate scope and claims for LLM-based social simulations.

1 INTRODUCTION

Social simulation is a modeling tool that employs computational methods to understand social
phenomena. Computational methods, particularly those modeling interactions between individuals,
demonstrate advantages in capturing the complex and nonlinear behaviors typically inherent in
social phenomena (Eidelson, 1997; Remondino et al., 2010; San Miguel et al., 2012). Among these,
Agent-Based Modeling (ABM) is a widely used technique in this area, simulating how individual
behaviors and local rules give rise to macro-level patterns (Bonabeau, 2002; Epstein, 1999; Schelling,
1971). ABM offers a bottom-up modeling approach, supports heterogeneity among agents, allows
for the exploration of emergent phenomena, and provides researchers with interpretable mechanisms
linking micro- and macro-level behaviors (Jackson et al., 2017; Page, 2012; Reeves et al., 2022).
Meanwhile, it is controversial due to its reliance on simplification (Edmonds & Moss, 2004), limited
adaptability (Wu et al., 2023), sensitive to initial conditions (Manzo & Matthews, 2014), and challenges
in representing subjective or human-like behaviors (Ma et al., 2024; Puig et al., 2021), diminishing
the contribution of social simulation methods to social science (Reeves et al., 2022).
Recently, LLM agents and social simulations have attracted growing attention. Existing studies have
applied LLM agents to domains such as economics (Han et al., 2023; Li et al., 2024), education (Zhang
et al., 2024d), game theory (Sreedhar & Chilton, 2024), and social networks (Wang et al., 2023; Yang
et al., 2024c; Zhang et al., 2025), with claimed advantages like handling natural language, enabling
flexible behaviors, and showing human-like reasoning. However, concerns have also been raised:
LLMs may carry social and cognitive biases (Mohammadi, 2024; Navigli et al., 2023), lack behavioral
diversity (Ma et al., 2025), and are hard to validate or explain (Larooij & Törnberg, 2025; Ma et al.,
2024). Whether or not using LLMs is a good protocol for social simulations remains a question—or
may not even be the central question to ask. Many existing studies focus primarily on the simulation
itself, while we argue that this narrow focus limits the method’s contribution to advancing social science.
Before moving forward with more LLM-based social simulations, two critical questions remain:

1. How can LLM-based social simulations benefit studies of social science?
2. Can we draw a line to identify what types of problems are suitable for LLMs to solve?

In this paper, we take the viewpoint that social simulation benefits social science primarily through
uncovering social patterns and generating hypotheses. Achieving this requires simulations with high
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the exit because it's hesitating."

③ Analyze Individual Behaviors
e.g. Explain atypical, infrequent behaviors in the simulation

Possible Case #1 Possible Case #2

Figure 1: Overview of our claims. We value the goal of social simulations as a means to advance social
science, e.g. by explaining social patterns, instead of focusing on “perfect” replication of real-world
societies. We further examine possible simulation scenarios (e.g., aligned or misaligned means and
variances) and advocate for a stronger emphasis on qualitative analysis of collective patterns.
fidelity and robustness. We emphasize fidelity in particular, examining how alignment, homogeneity,
and especially heterogeneity shape social dynamics, and why individual-level heterogeneity is
essential for meaningful social simulation. This perspective helps explain why the limited behavioral
diversity of current LLM agents constrains their effectiveness in representing complex, multi-agent
societies (Ma et al., 2025; Shrestha et al., 2025). We further investigate common issues in LLM-based
simulations—such as behavioral variance, social bias, and outcome inconsistency (Larooij & Törnberg,
2025; Mohammadi, 2024) (Figure 1)—and propose to regulate the applicable boundaries of LLM
agent-based social simulation to enhance its contribution to social science, as our central position.
We argue this as a general checklist for evaluating the use of LLMs in social simulation, rather than
a how-to guide for conducting such studies.
Our Contributions. This work makes three key contributions. (1) We systematically analyze the
boundary problems of LLM-based social simulations—the inherent limitations that fundamentally
determine their reliability for social pattern discovery, moving beyond implementation issues to examine
what current LLM capabilities can and cannot achieve. (2) We discuss simulation fidelity through the
concept of agent heterogeneity, indicating why LLMs’ tendency to converge towards common patterns
fundamentally limits their capacity to simulate complex social dynamics requiring behavioral diversity.
(3) We provide heuristic boundaries and a general checklist for when LLM-based simulations can make
real contributions to social science research. Rather than asking whether LLMs can replace traditional
agent-based models, we reframe the question to focus on precisely defining the scope of problems
where LLMs can meaningfully advance social science, which is a perspective essential for responsible
deployment and guiding future research towards socially beneficial applications. We expect that the
boundaries of LLM-based social simulations, as outlined in this paper, would help bridge the gap
between AI and social science sectors and contribute to findings in social science research.

2 LLM-BASED SOCIAL SIMULATIONS

2.1 OBJECTIVES OF SOCIAL SIMULATIONS

The primary objective of social simulations is not to replicate reality in fine detail, but to serve
as a research tool for scientific endeavors, specifically for explaining social patterns, constructing
theories, and providing interpretable foundations for hypothesis generation (Axelrod, 1997; Silverman
& Bryden, 2007; Silverman et al., 2018). A clear modeling objective is essential for guiding
methodological choices, which can vary significantly depending on the simulation’s intended purpose.
When objectives are poorly defined, effective validation becomes difficult, particularly when testing
alignment with reality and ensuring reproducibility, both of which are critical for establishing credible
simulations (Arnold, 2014; Axelrod, 1997; Edmonds & Hales, 2003; Edmonds et al., 2019). To clarify
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social simulation’s boundaries from the perspective of modeling objective, we examine two modeling
objectives frequently declared in LLM-based simulations: replication and prediction. We argue these
should not constitute primary goals and may even obstruct effective social science discovery.
Replication-oriented work is common in LLM-based simulation literature, yet studies achieving novel,
valuable social science discoveries remain extremely limited. This approach suffers fundamental flaws.
Critics note that replication merely repeats known behaviors without revealing new social dynamics or
mechanisms (Cheng et al., 2023), contradicting social simulation’s core purpose. Schelling’s model, a
classical model in this field, exemplifies the alternative (Schelling, 1971): through simple, verifiable in-
teraction rules, it demonstrates universal mechanisms of community segregation without replicating any
specific community, revealing broadly applicable social patterns. This suggests that reproducing real-
world social patterns through simple rules requires no precise replication of the world to provide explana-
tory insights and causal understanding. Furthermore, pursuing exact replication increases parameters
and artificial assumptions, risking data overfitting, and reducing model verifiability (Larooij & Törnberg,
2025). This creates complex “artificial societies” increasingly detached from reality (Silverman et al.,
2018). Additional computational constraints and complexity of sensitivity analysis further obstruct pre-
cise replication and reproduction (Borgonovo et al., 2022; Surve et al., 2023). Hence, social simulation
neither needs nor can completely replicate reality; focus should center on reproducing and validating key
behavioral patterns consistent with real social phenomena (Casti, 1996; Edmonds et al., 2019; Silverman
et al., 2018). Only findings from testable reproduction apply meaningfully to social science problems.
Another misconception involves emphasizing predictive capabilities through detailed replication
performance. Despite numerous attempts at LLM-based social prediction, evidence shows limited
performance in predicting social dynamics without oracle information, neither discoveries on effective
methods for prediction improvement (Gui & Toubia, 2023; Yang et al., 2024a; Ziems et al., 2024).
Critics argue that social simulation predictions often constitute mere retrodictions of existing patterns,
lacking effective future scenario generalization (Edmonds, 2023; Polhill et al., 2021). Predicitive
capabilities are further undermined by the flaws and biases in LLM-based simulations. For example,
using retrodictive tests to claim predictive capabilities (Wang et al., 2025d) may introduce data leakage,
as the retrospective scenarios could already be contained within the LLM’s training data; such bias is
hard to eliminate because the LLM could infer the scenario, despite the removal of time, location, and
persons involved in the incident from the prompt, and implicitly use its knowledge to make “predictions”.
Many simulation works’ predictive claims thus exceed actual model capabilities, which requires
enhanced validation (Ball et al., 2024; Cao et al., 2025; Chuang et al., 2024b; Orlikowski et al., 2025;
von der Heyde et al., 2024; Wang et al., 2025b; Yang et al., 2024a; Zhang et al., 2025). Nevertheless, few
studies establish reliable validation methods and sensitivity analyses (Chatterjee et al., 2024). Moreover,
current works claim that simulations reflect real social dynamics (Yang et al., 2024c; Zhang et al., 2025),
based on simple validation efforts such as LLMs’ explanation of their own decision-making process,
which might raise endogeneity issues. Whereas it is crucial to create comprehensive frameworks for
simulating social phenomena using LLM agents at unprecedented scales, as achieved in these works,
researchers need to be cautious with their objectives and findings, because misguided objectives and
overstated findings will prevent social simulation from fulfilling its promise in social science research.
In sum, social simulation’s limitations stem from both LLMs’ inherent capabilities and simulation
framework design issues (Wang et al., 2025c). We thus emphasize caution regarding simulation
modeling with replication and prediction as core objectives, advocating instead for greater focus on
simulation alignment with key social patterns and its validation.

2.2 CURRENT CHALLENGES THAT LLM-BASED SIMULATIONS FACE

Now that we have distinguished the fundamental purpose of social simulation from replication
and prediction purpose, we turn our attention to the specific issues confronting LLM-based social
simulations. We categorize these challenges into two primary areas: (1) usage problems, which
pertain to how researchers apply LLMs in simulations and whether these applications align with
effective simulation practices; and (2) boundary problems, which relate to the inherent subjective
capabilities and limitations of LLMs themselves, discussing what LLM-based simulations can and
cannot reliably achieve. This paper will primarily focus on the latter, the boundary problems, as they
fundamentally determine the reliability and applicability of LLM-driven social pattern discovery.

Usage Problems: Misuse of LLM-Based Simulations Usage problems arise from the way LLMs
are employed in social simulation designs. A common issue, as mentioned in Section 2.1, is the
tendency for simulations to aim for perfect replication of reality. Such an objective is not only inherently
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difficult but can also undermine the capacity for meaningful social pattern discovery (Edmonds,
2023; Hassan et al., 2013). Overly precise replication sometimes introduces researchers’ subjective
judgments or requires extensive data to calibrate simulations at the micro level (Bertoni, 2023; Paudel
& Ligmann-Zielinska, 2023; Yarkoni & Westfall, 2017).
Beyond the fundamental purpose, other common usage problems specific to LLM-based simulations
include, but are not limited to: (1) imprecise or self-evident prompt engineering that can lead to
simulation distortion (Mannekote et al., 2025; Ronanki et al., 2024); (2) overly large or ill-defined
action spaces for LLM agents, which often result in the generation of invalid behaviors, complicate
rigorous sensitivity analysis, and amplify errors across multiple iterations (Guo et al., 2024; Liu
et al., 2024b;c; Yim et al., 2024); and (3) simulation frameworks that introduce excessive researcher
assumptions or constraints, inadvertently causing models to lose their emergent capabilities (Silverman
& Bryden, 2007). While these usage issues significantly impact the effectiveness of social simulation,
this paper will NOT primarily focus on problems caused by researchers’ subjective choices or design
flaws that could, in principle, be mitigated by better practices. Our scope specifically targets the
intrinsic limitations of LLM technology itself.

Boundary Problems: Inherent Limitations of LLM Agents Boundary problems constitute the core
focus of this paper, as these boundaries fundamentally determine the reliability of social pattern discov-
ery derived from LLM-based simulations. These problems represent the inherent, subjective limitations
of current LLM technology when applied to social simulation. Clarifying these boundaries is essen-
tial for understanding where LLM-based social simulations can reliably contribute. We specifically
examine three critical aspects that collectively define the scope of LLM-based social simulations:

1. Alignment (Sections 3 and 4): This concerns whether the simulated agents’ behaviors and
collective dynamics are aligned with real societal patterns. This aspect primarily affects whether
such simulations can genuinely be used to understand real social phenomena, as discussed
previously. Alignment is our main focus in this paper, where we delve deep into the types of
alignment, what is currently lacking in LLM agents, and what we can reliably claim and simulate.

2. Consistency (Section 5): This refers to whether the simulated agents can maintain fidelity to their
assigned roles and behavioral patterns over a long temporal horizon. Social simulations often
span extended periods, but LLMs inherently face challenges with long-context understanding
and coherent behavior over time. Ensuring a consistent simulation throughout an entire episode
is crucial for deriving reliable conclusions.

3. Robustness (Section 6): This addresses whether the simulated society is reproducible and stable
under different prompt settings, initial conditions, or minor perturbations. Robustness directly
impacts the reliability of the simulation’s findings, which is paramount for any subsequent
analysis and valid pattern discovery.

We will proceed by discussing these three aspects of LLM-based social simulations in the aforemen-
tioned order, prioritizing the intricate challenges related to alignment. By analyzing these three aspects,
we aim to precisely delineate the boundaries of the scope of social problems and the validity of related
claims that can be researched under current LLMs’ capabilities.

3 ALIGNMENT AND HETEROGENEITY

The degree of alignment between LLM-based simulations and real-world behavior is a key factor
in determining the reliability of insights drawn from social pattern discovery. This alignment can
be further divided into two aspects: individual-level alignment, which concerns whether each
agent behaves in a human-like manner, and collective-level alignment, which concerns whether the
interactions among agents reproduce realistic social dynamics and emergent phenomena. These two
aspects are interrelated, and understanding their respective roles is essential before applying LLMs
to simulating social phenomena.

Relative Importance of Individual Alignment While individual-level alignment is often desirable,
perfectly capturing individual behavioral patterns is not always essential for obtaining conclusions
with practical utility in social simulations. This is because social phenomena emerge primarily from
interactions between individuals rather than from individual behaviors alone. As Durkheim (2023)
argued in his foundational work on social facts, collective phenomena possess properties that cannot
be reduced to individual psychological states. Building on this insight, while reductionist approaches
focus on individual-level fidelity, the emergent properties of social systems cannot be fully predicted
from the knowledge of individual components alone (Holland, 2000; Louth, 2011; Squazzoni et al.,
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2014). Studies in computational social science have demonstrated that weak individual alignment
can still lead to the emergence of complex collective behaviors: Granovetter (1978)’s threshold
models show how individual decisions with simple thresholds can produce unpredictable collective
outcomes, while Reynolds (1987)’ boids model demonstrates how complex flocking behaviors emerge
from just three simple rules governing individual agents’ separation, alignment, and cohesion. These
findings suggest that individual-level fidelity is neither the sole nor the primary factor in generating
realistic social dynamics. On the other hand, approximate individual-level modeling can still capture
the essential social interaction dynamics. For instance, an LLM-based simulation that reproduced
the aforementioned Schelling’s model demonstrated that highly segregated societies still emerge
even when LLMs exhibit relatively low bias, with simple behavior settings, decision methods, and
a degree of individual homogeneity (Cheng et al., 2024). In this setup, the final social structure is
largely independent of specific individual intentions or detailed behavioral trajectories. This illustrates
that the emergence of collective patterns can be relatively insensitive to individual-level modeling
imperfections, suggesting that strict individual alignment, while beneficial, is not uniformly the most
critical factor for valid social simulations focused on macroscopic phenomena.

Homogeneity and Collective Alignment To further explore collective alignment, it is necessary
to understand the interplay between individual homogeneity and heterogeneity within a system, as
these properties of agents become apparent through their interactions. Homogeneity, characterized
by agents sharing similar traits or behaviors, can, in certain cases, lead to emergent social patterns.
As previously noted in the Schelling’s model example, even simple, uniform preferences can result
in collective phenomena such as segregation.
However, when agents are highly homogeneous in their decision-making rules and responses, the
resulting collective behaviors tend to converge to predictable equilibrium states that can be analytically
characterized. For example, in voter models where all agents follow identical imitation rules, the
system predictably converges to consensus with mathematically derivable convergence rates and final
outcome probabilities (Castellano et al., 2009; Holley & Liggett, 1975). Similarly, in simple social
contagion models where individuals adopt behaviors through independent exposures with uniform
transmission probabilities, the spread patterns follow predictable epidemic trajectories characterized
by standard parameters such as peak timing and final adoption rates (Hodas & Lerman, 2014; Sprague
& House, 2017). The scope and complexity of patterns that can emerge solely from homogeneous
interactions are often limited.
Due to this limited complexity arising from homogeneous interactions, collective behaviors driven
primarily by homogeneous agents can often be adequately characterized through aggregate statistical
analyses, obviating the need for complex bottom-up interactive simulations (Galla et al., 2006;
Galstyan et al., 2005; Helfmann et al., 2021).

Critical Role of Heterogeneity Conversely, heterogeneity is widely recognized as a fundamental
driver of complex social dynamics and intricate emergent phenomena. Existing work across various
contexts has consistently reported that certain emergent phenomena only occur with sufficient diversity
among agents, a domain where traditional rule-based simulation methods like ABM often face
limitations (Deter & Sayama, 2024; Gao et al., 2024). The importance of agent heterogeneity has been
emphasized in numerous studies, spanning computational simulation directions (e.g., social network
modeling (Ojer et al., 2025), epidemic intervention (Lorig et al., 2021; Reeves et al., 2022), climate
change policy (Mercure et al., 2016), and wealth formation (Wang et al., 2010)) and problem-solving
applications (e.g., multi-agent cooperation analogous to human dynamic collaboration (Chen et al.,
2024) and multi-agent software development (Hong et al., 2024; Qian et al., 2024)).

Heterogeneity v.s. Homogeneity From a complex systems perspective, collective behavior
fundamentally differs from simple aggregations of individual behavior. When individual differences
exist, interactions create feedback mechanisms that may amplify these differences, producing emergent
collective phenomena that cannot be predicted from average individual characteristics (Miller &
Page, 2009). While heterogeneity enables rich individual interactions that generate intricate patterns
and structural biases (Amin et al., 2018), homogeneity tends to average out these behavior, limiting
emergent complexity (Maciejewski et al., 2014).
Consider two illustrative cases. In social choice theory, the Condorcet Paradox demonstrates how
diverse individual preferences can produce collective voting cycles—collective behavior outcomes that
cannot be understood by simply averaging individual preferences (Gehrlein, 1983). From another side,
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when we assume perfect homogeneity of agents in economic models (i.e. identical rationality and com-
plete knowledge in “Homo economicus”), the ideal simulated market will reach immediate equilibrium
with zero average profits, precluding the market dynamics that define real economic systems (Grossman
& Stiglitz, 1980). These examples show that while homogeneity can yield certain patterns, it funda-
mentally limits the emergence of rich, complex dynamics characteristic of real-world social systems.

Implications for LLM-Based Simulations In summary, these considerations illustrate that neither
perfect individual alignment nor homogeneous interactions alone are sufficient for capturing complex
social dynamics. The ability of social simulations to discover and accurately reflect novel, complex
social patterns largely depends on the degree of heterogeneity among agents. Consequently, whether
the behavior of collectives composed of LLM agents can reflect “sufficient” heterogeneity becomes
a critical indicator of simulation validity. If the phenomena under investigation fundamentally require
sufficient heterogeneity for their emergence, yet LLMs inherently represent insufficient diversity among
individuals, then the conclusions drawn from such simulations may not reliably apply to real-world
situations. The subsequent discussion will systematically examine how heterogeneity may be lacking
in existing works on LLM-based simulations and the potential distortions this absence may introduce.

4 LLM-BASED SIMULATIONS LACK HETEROGENEITY

4.1 THE “AVERAGE PERSONA”: ORIGIN AND DIMENSIONS OF LIMITED HETEROGENEITY

As established in the previous discussion, the capacity of agents to exhibit sufficient heterogeneity
is important for social simulations aiming to reveal novel and complex social dynamics. Current LLM
agents basically fall short in generating such necessary diversity. This problem is often reflected in
their tendency to act as an “average persona”. This average persona reflects LLMs’ built-in bias to
converge towards common patterns. The argument advanced in this paper is that the impact of this
average persona on heterogeneity can be analyzed through two key behavioral dimensions: variance
(representing the diversity and spread of behaviors) and the mean (representing the central tendency
or average behavior, and its alignment with human behaviors). We propose this variance-mean
decomposition as a useful framework for diagnosing different types of alignment problems, where
variance captures whether LLMs can generate the behavioral diversity necessary for complex social
dynamics, and mean alignment determines whether the central tendency of LLM behavior corresponds
to real human populations. This analytical approach enables us to categorize the specific limitations
of LLM-based simulations and establish appropriate boundaries for their application.
This “average persona” phenomenon can be understood through the lens of the models’ training
processes. A key contributing factor appears to be that language model training maximizes the
conditional probability of predicting text through likelihood-driven loss functions over vast human
expression data. This training objective inherently rewards high-frequency, mainstream expressions
and suppresses marginal ones, thereby fostering an “average persona” that aggregates group thinking
and limits distributional representativeness (Dung Nguyen et al., 2025; Trott, 2024; Wang et al., 2025a).
The inherent heterogeneity of subgroups is consequently erased, causing behavior to concentrate
on a few dominant patterns that often reflect social biases and demographic stereotypes, even when
instructions attempt to elicit alternative perspectives (Liu et al., 2024a; Taubenfeld et al., 2024). This
results in the difficulty in capturing long-tail patterns, even with advanced simulation frameworks
or model improvements (Taubenfeld et al., 2024; Wang et al., 2025a). We delineate two primary
cases based on how this average persona manifests through variance and mean, each with distinct
consequences for social simulations.

4.2 APPLICABILITY AND CLAIM BOUNDARIES IN LLM-BASED SOCIAL SIMULATIONS

Case 1: Low Behavioral Variance, Mean Aligned In the first case, LLM agents exhibit a low
behavioral variance, meaning their strategies and actions are concentrated, lacking the broad diversity
observed in human populations. However, the mean (average behavior) of these agents may still align
reasonably well with the average behavior observed in real-world human experiments.
Existing work consistently notes that LLMs generate insufficient diversity and exhibit overly
homogeneous behavior, often missing human randomness and error patterns (Aher et al., 2023; Anthis
et al., 2025; Cheng et al., 2023; Lau et al., 2024). For instance, in economic market simulations, while
LLM agents can replicate macroscopic patterns observed in human experiments, individual LLM
agents demonstrate significantly less behavioral variance, employing more concentrated strategies
compared to diverse human participants (del Rio-Chanona et al., 2025; Han et al., 2023). Similarly, in
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the Keynesian Beauty Contest (KBC, guessing 2/3 of the average), LLM-based simulations successfully
reproduced several peak guess values consistent with human experiments, but the frequency of guesses
on non-high-frequency values was markedly lower than that of real human participants (Figure 2) (Wu
et al., 2024). Even in emergency evacuation simulations, despite group-level differences based on
personas, individual agent trajectories could be surprisingly similar (Wu et al., 2023). These examples
illustrate that models may converge towards unified, high-frequency answers that align with human
values but diverge from the full behavioral distribution of real humans (Aher et al., 2023).
The phenomenon here is that even with limited intra-group be-

0 10 20 30 40 50 60 70 80 90 100
Chosen Numbers

0.00

0.05

0.10

0.15

0.20

0.25

Fr
eq

ue
nc

y

Simulation Choices
NYT Choices

Figure 2: Distribution of chosen
numbers by GPT-4 (in blue) vs.
by humans (in red), adapted from
KBC (Wu et al., 2024). The LLM
successfully reproduces several
peak guess values (e.g., 33, 50, and
66), closely aligning with human
choices. This indicates that the LLM
has aligned well with the human
mean. Meanwhile, the frequency
distribution for less common values
shows inconsistencies compared to
human behavior, highlighting the
LLM’s low behavioral variance in
the simulation.

havioral differences among LLM agents, if their collective be-
havioral patterns are meaningful and consistent with real-world
aggregated outcomes, insufficient variance does not always
undermine the purpose of the simulation at the macroscopic
level. However, this scenario mandates strict examination of
the boundaries of claimed findings. Researchers should focus
on the collective behavior and qualitative patterns, as these
may be well-reflected despite low individual variance. Con-
versely, attempting to interpret the significance of individual
agent “behavioral trajectories”—such as specific decisions in
an economic market or particular paths during an evacuation—
can lead to “interpretive overfitting”. This is because individual
decisions may not align with real-world situations (e.g., for per-
sonal mobility simulation, real-world activities are observed
to be less frequent than simulated ones in the COVID-19 pan-
demic scenario (Wang et al., 2024a)), and it is difficult to verify
their underlying reasoning or distinguish them from potential
hallucination (Singh et al., 2024). Thus, while exploring spe-
cific agent decision logic might enhance understanding from
an AI/ML perspective (e.g., k-level reasoning in KBC (Gandhi
et al., 2023; Zhang et al., 2024b)), its significance for social sci-
ence is relatively low when individual variance is constrained.

Case 2: Low Behavioral Variance, Mean Deviated The second and more critical case arises when
LLM agents exhibit not only low behavioral variance but also a mean (average behavior) that deviates
significantly from human values or real-world distributions. This deviation means the aggregated
behavior of LLM agents does not accurately reflect the central tendency or typical actions of the human
population or subgroup they are intended to represent.
The consequences of this mean deviation are profound for social simulations. Unlike Case 1, where
some insights into average collective patterns might still be gleaned, this scenario can render LLM-based
social simulations problematic or even inapplicable for deriving meaningful insights into real human
societies. For example, research has found that LLMs perform significantly differently when simulating
various population subgroups, often exhibiting biases not present in the intended human population (Ma
et al., 2025). In public opinion surveys, models trained with human feedback tend towards liberal
views and exhibit more polarized attitudes, proving difficult to debias through role-play (Bernardelle
et al., 2024; Bisbee et al., 2024; Santurkar et al., 2023). Such deviations are widespread across models
and contexts; generated dialogues often differ from real human conversations in linguistic features and
exhibit lower diversity (Lin et al., 2024). Moreover, training processes that aim to debias or rationalize
certain LLM behaviors, while highly valuable for general applications, can paradoxically compromise
the simulation’s utility for studying certain social phenomena. When the research objective specifically
requires understanding how biases and irrational behaviors contribute to social patterns, their
elimination becomes problematic rather than beneficial. For instance, humans exhibit response biases
to specific survey wording, whereas models can be less sensitive to such perturbations, failing to
capture behavioral mechanisms that may be central to the phenomena under investigation (Tjuatja et al.,
2024). Deviations are also evident in cultural contexts; multilingual simulations of the trolley problem
have shown LLM agents making moral judgments inconsistent with the cultural values of the human
communities speaking those languages (Jin et al., 2024). This inability to adhere to nuanced linguistic
and cultural conventions is a widespread phenomenon (Naous & Xu, 2025; Zhang et al., 2024c).
Therefore, when such mean deviation exists, the utility of LLM-based social simulations for social
science insights becomes severely limited. Researchers must diligently check for the presence
of such deviations. If the average behavior of LLM agents demonstrably diverges from the actual

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

average behavior of real human populations in the studied context, then the simulation’s applicability
for reflecting real human society is significantly compromised or even negated. Achieving greater
alignment often requires constructing extensive detailed socio-demographic conditions to personalize
LLMs (Argyle et al., 2023), yet the reasons for significant deviations from human preferences can
remain unknown (Dung Nguyen et al., 2025).

Challenges in Enhancing LLM Agent Heterogeneity Various existing methods aim to construct
personalized, diverse, and reality-aligned agents, including prompt engineering (Park et al.,
2022), personality measurement-based prompting and alignment (Serapio-García et al., 2023),
character modeling architectures that generate profile copies of real people through interviews or
questionnaires (Jung et al., 2025; Park et al., 2024), and alignment based on large-scale data (Ge et al.,
2024; Li et al., 2025). However, these approaches face significant limitations. Prompt engineering
often cannot completely eliminate bias (especially for minority groups, a critical social science
concern), while alignment dependent on large-scale datasets is costly, and high-quality personalized
preference data remains scarce, with anonymity issues affecting generalization capabilities (Li et al.,
2025). As the number of individuals in a simulation increases, the cost of such detailed modeling rises
dramatically, often forcing trade-offs between individual modeling precision and simulation scale.
This can inadvertently limit simulation boundaries and sacrifice heterogeneity for controllability in
large-scale scenarios (Chen et al., 2025; Mou et al., 2024). Some works have also used various LLMs
to attempt to enhance heterogeneity, while acknowledging that agent behaviors still concentrate on
a few strategies, reflecting limited heterogeneity (Fontana et al., 2024; Lu, 2024).
Furthermore, achieving alignment at the individual level does not necessarily guarantee that collective
behavior will also align with the real situation, as previously distinguished. Bias removal methods, while
enhancing fairness, may simultaneously weaken knowledge maintenance and overall model perfor-
mance (Chen et al., 2025). In social simulations, standardized methods to confirm which approaches can
truly achieve diverse and aligned heterogeneity construction are still lacking, as is a clear determination
of how LLM parameters (e.g., model temperature) should be set for optimal diversity. We cannot guaran-
tee the alignment of all behaviors solely through observations of agent alignment with reality in certain
specific behaviors either. The effect of adding personas can even be randomized in some contexts (Zheng
et al., 2024). Ultimately, prompting may only capture superficial, stereotypical personas, struggling
to penetrate individuals’ deep beliefs, values, learning histories, and nuanced decision-making pro-
cesses. Therefore, researchers must be extremely cautious about the scope of conclusions drawn from
LLM-based social simulations, rigorously verifying both the diversity (variance) and alignment (mean)
of agent heterogeneity, and determining whether the observed lack of heterogeneity represents merely
insufficient diversity or, more critically, a significant deviation from average real-world behavior.

5 CONSISTENCY IN LONG-TERM SIMULATIONS

At the individual alignment level, we need to consider alignment issues in multi-round social
simulations. Unlike single-round Q&A, in long-term social simulations, LLM agents, constrained
by model capabilities, may fail to maintain cognitive consistency in their roles during extended
interactions (Huang et al., 2024). Since LLMs lack the ability for continuous exploration in environ-
ments and possess no memory capabilities, they can only respond passively to context sequentially
(typically, each API call produces independent responses related only to the current model input,
despite pass actions reprompted to simulate the “memory” of an LLM agent). Slight differences and
perturbations in context across different rounds may cause the same LLM agent to produce inconsistent
reactions (Yao et al., 2023; Zhu et al., 2023). When an agent’s behavioral traits are important to the
problem (especially from a heterogeneity perspective, where one agent’s behavioral traits significantly
alter other agents’ behaviors), these inconsistency-induced trait changes may significantly alter the
macro patterns demonstrated in the simulation. Without careful verification of consistency across
the temporal dimension, researchers might misinterpret significant pattern changes as some emergent
phenomenon rather than recognizing them as stemming from insufficient capabilities of the LLM.

6 ROBUSTNESS IN LLM-BASED SOCIAL SIMULATION

Robustness refers to whether simulation conclusions can remain stable and reproducible under different
parameter settings, uncertainties in simulation conditions, and perturbations. The difficulty of LLMs in
providing repeatable results is a major challenge, yet necessary sensitivity analysis practices are rarely
implemented in existing studies (Larooij & Törnberg, 2025). In the context of LLM-based simulations,
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this varies across problems and modeling approaches, primarily verified through sensitivity analysis to
examine whether the qualitative patterns of simulation findings are sensitive to minor differences in con-
text or prompts, and whether changes in context significantly affect agent behavior (Hosseini & Horbach,
2023; Yang et al., 2024b; Ziems et al., 2024). For instance, an LLM’s sensitivity can vary significantly; in
some situations, LLMs may display excessive sensitivity towards groups or topics that could cause fair-
ness issues, resulting in the misclassification of benign statements as hate speech, while in other contexts,
they may achieve a better balance (Zhang et al., 2024a). Whether LLM-based simulations can maintain
discovered patterns under perturbations constitutes one boundary of the simulatable range. Currently,
this can only be tested through actual sensitivity analysis to verify whether conclusions are reproducible,
while lacking a priori methods to explain what the hard boundaries of LLM-simulatable problems are.

7 DISCUSSIONS

We have introduced the impact of LLM individual and collective alignment issues, long-term individual
consistency problems, and robustness issues on the reliability of social simulation conclusions.
These discussions indicate that although LLM alignment with reality is limited in some domains and
may contain biases that are difficult to identify and interpret (Shin et al., 2024), LLM-based social
simulations can still provide important insights for social pattern discovery and hypothesis generation.
The prerequisite is that researchers need to clearly define the scope of claims that can be declared
from simulation results, as well as the scope of problems that can be simulated. We summarize
these discussions as heuristic boundaries for LLM-based simulations:

Boundary 1: Collective v.s. Individual Behavior The first boundary concerns the level of analysis.
LLM-based simulations are more reliable when: (1) Focusing on collective patterns rather than
individual behavioral trajectories. (2) Studying emergent phenomena that depend more on interaction
modes than on precise individual characteristics.

Boundary 2: Alignment and Heterogeneity The second boundary relates to the “average persona”
phenomenon in LLM agents and its implications for simulation validity: (1) LLMs often manifest
an “average persona” due to training processes that favor mainstream patterns, leading to reduced
behavioral variance and potentially erasing subgroup characteristics or reflecting social biases.
Crucially, the simulation’s behavioral mean might also deviate from actual human population averages
which may negatively impact alignment with real societal patterns. (2) When LLM agents show low
variance but their mean of collective behavior aligns with real-world outcomes, simulations can offer
valuable collective insights. However, when agents exhibit both low variance and mean behaviors,
which significantly deviate from the relevant human population, the simulation’s findings become
inapplicable to real human societies.

Boundary 3: Temporal Consistency For multi-round or long-term simulations, we encourage
researchers to consider: (1) Whether agents can maintain consistent patterns that authentically reflect
their personas over a long-term simulation. (2) Whether observed pattern changes reflect genuine
emergent phenomena or artifacts of LLM limitations. In addition, to achieve valid social simulations,
validating the robustness of simulation results through sensitivity analysis to exclude simulations
where behaviors change significantly under context disturbance, and avoiding erroneous simulation
purposes and usage will jointly constitute the boundaries of LLM-based social simulations.

8 CONCLUSION

This paper argues that the primary goal of LLM-based social simulations is to explain social patterns,
construct theories, and generate hypotheses. Misunderstandings about these goals in current research
have limited their contributions to social science. To better address social science problems, we
highlight the need to focus on collective alignment and enhance agent heterogeneity to more accurately
reflect real societies. Additionally, individual temporal consistency and simulation robustness are
equally essential for applying insights from simulated societies to real-world contexts.
Our core standpoint is to emphasize the necessity of regulating simulation boundaries, including the
scope of claims and simulated problems. We urge the community to treat these boundaries as a gen-
eral checklist for evaluating the use of LLMs in social simulations, thereby ensuring their positive
contributions to social science research. Meanwhile, we emphasize advancing the standardization
of systematic validation methods for social simulations, as well as enhancing the capability to identify
potential biases in simulations, to avoid neglect or bias towards marginalized groups and phenomena.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Peter Abell and Diane Reyniers. On the failures of social theory. British Journal of Sociology, 51
(4):739–750, 2000.

Carlo Adornetto, Adrian Mora, Kai Hu, Leticia Izquierdo Garcia, Parfait Atchade-Adelomou, Gianluigi
Greco, Luis Alberto Alonso Pastor, and Kent Larson. Generative agents in agent-based modeling:
Overview, validation, and emerging challenges. IEEE Transactions on Artificial Intelligence, 2025.

Gati V Aher, Rosa I Arriaga, and Adam Tauman Kalai. Using large language models to simulate
multiple humans and replicate human subject studies. In International Conference on Machine
Learning, pp. 337–371. PMLR, 2023.

Engi Amin, Mohamed Abouelela, and Amal Soliman. The role of heterogeneity and the dynamics
of voluntary contributions to public goods: An experimental and agent-based simulation analysis.
Journal of Artificial Societies and Social Simulation, 21(1), 2018.

Jacy Reese Anthis, Ryan Liu, Sean M Richardson, Austin C Kozlowski, Bernard Koch, James Evans,
Erik Brynjolfsson, and Michael Bernstein. Llm social simulations are a promising research method.
arXiv preprint arXiv:2504.02234, 2025.

Lisa P Argyle, Ethan C Busby, Nancy Fulda, Joshua R Gubler, Christopher Rytting, and David Wingate.
Out of one, many: Using language models to simulate human samples. Political Analysis, 31(3):
337–351, 2023.

Eckhart Arnold. What’s wrong with social simulations? The Monist, 97(3):359–377, 2014.

Ariel Flint Ashery, Luca Maria Aiello, and Andrea Baronchelli. Emergent social conventions and
collective bias in llm populations. Science Advances, 11(20):eadu9368, 2025.

Robert Axelrod. Advancing the art of simulation in the social sciences. In Simulating social
phenomena, pp. 21–40. Springer, 1997.

Thomas Ball, Shuo Chen, and Cormac Herley. Can we count on llms? the fixed-effect fallacy and
claims of gpt-4 capabilities. arXiv preprint arXiv:2409.07638, 2024.

Pietro Bernardelle, Leon Fröhling, Stefano Civelli, Riccardo Lunardi, Kevin Roitero, and Gianluca
Demartini. Mapping and influencing the political ideology of large language models using synthetic
personas. arXiv preprint arXiv:2412.14843, 2024.

Alessandro Bertoni. Mitigating uncertainty in conceptual design using operational scenario
simulations: a data-driven extension of the evoke approach. Proceedings of the Design Society,
3:2665–2674, 2023.

James Bisbee, Joshua D Clinton, Cassy Dorff, Brenton Kenkel, and Jennifer M Larson. Synthetic
replacements for human survey data? the perils of large language models. Political Analysis, 32
(4):401–416, 2024.

Eric Bonabeau. Agent-based modeling: Methods and techniques for simulating human systems.
Proceedings of the national academy of sciences, 99(suppl_3):7280–7287, 2002.

Emanuele Borgonovo, Marco Pangallo, Jan Rivkin, Leonardo Rizzo, and Nicolaj Siggelkow.
Sensitivity analysis of agent-based models: a new protocol. Computational and Mathematical
Organization Theory, 28(1):52–94, 2022.

George Bragues. The financial crisis and the failure of modern social science. Qualitative Research
in Financial Markets, 3(3):177–192, 2011.

Yong Cao, Haijiang Liu, Arnav Arora, Isabelle Augenstein, Paul Röttger, and Daniel Hershcovich.
Specializing large language models to simulate survey response distributions for global populations.
arXiv preprint arXiv:2502.07068, 2025.

Claudio Castellano, Santo Fortunato, and Vittorio Loreto. Statistical physics of social dynamics.
Reviews of modern physics, 81(2):591–646, 2009.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

John L Casti. Would-be worlds: How simulation is changing the frontiers of science. John Wiley
& Sons, Inc., 1996.

Anwoy Chatterjee, HSVNS Kowndinya Renduchintala, Sumit Bhatia, and Tanmoy Chakraborty.
Posix: A prompt sensitivity index for large language models. In Findings of the Association for
Computational Linguistics: EMNLP 2024, pp. 14550–14565, 2024.

Ruizhe Chen, Yichen Li, Jianfei Yang, Yang Feng, Joey Tianyi Zhou, Jian Wu, and Zuozhu Liu.
Identifying and mitigating social bias knowledge in language models. In Findings of the Association
for Computational Linguistics: NAACL 2025, pp. 651–672, 2025.

Weize Chen, Yusheng Su, Jingwei Zuo, Cheng Yang, Chenfei Yuan, Chi-Min Chan, Heyang Yu,
Yaxi Lu, Yi-Hsin Hung, Chen Qian, et al. Agentverse: Facilitating multi-agent collaboration and
exploring emergent behaviors. In ICLR, 2024.

Myra Cheng, Tiziano Piccardi, and Diyi Yang. Compost: Characterizing and evaluating caricature in
llm simulations. In Proceedings of the 2023 Conference on Empirical Methods in Natural Language
Processing, pp. 10853–10875, 2023.

Yuyang Cheng, Xingwei Qu, Tomas Goldsack, Chenghua Lin, and Chung-Chi Chen. Observing
micromotives and macrobehavior of large language models. arXiv preprint arXiv:2412.10428, 2024.

Yun-Shiuan Chuang, Agam Goyal, Nikunj Harlalka, Siddharth Suresh, Robert Hawkins, Sijia Yang,
Dhavan Shah, Junjie Hu, and Timothy Rogers. Simulating opinion dynamics with networks of
llm-based agents. In Findings of the Association for Computational Linguistics: NAACL 2024,
pp. 3326–3346, 2024a.

Yun-Shiuan Chuang, Krirk Nirunwiroj, Zach Studdiford, Agam Goyal, Vincent Frigo, Sijia Yang,
Dhavan Shah, Junjie Hu, and Timothy Rogers. Beyond demographics: Aligning role-playing
llm-based agents using human belief networks. In Findings of the Association for Computational
Linguistics: EMNLP 2024, pp. 14010–14026, 2024b.

R Maria del Rio-Chanona, Marco Pangallo, and Cars Hommes. Can generative ai agents behave like
humans? evidence from laboratory market experiments. arXiv preprint arXiv:2505.07457, 2025.

Will Deter and Hiroki Sayama. Behavioral and topological heterogeneities in network versions of
schelling’s segregation model. arXiv preprint arXiv:2408.05623, 2024.

Tuan Dung Nguyen, Duncan J Watts, and Mark E Whiting. Empirically evaluating commonsense
intelligence in large language models with large-scale human judgments. arXiv e-prints, pp.
arXiv–2505, 2025.

Emile Durkheim. The rules of sociological method. In Social theory re-wired, pp. 9–14. Routledge,
2023.

Bruce Edmonds. The practice and rhetoric of prediction–the case in agent-based modelling.
International Journal of Social Research Methodology, 26(2):157–170, 2023.

Bruce Edmonds and David Hales. Replication, replication and replication: Some hard lessons from
model alignment. Journal of Artificial Societies and Social Simulation, 6(4), 2003.

Bruce Edmonds and Scott Moss. From kiss to kids–an ‘anti-simplistic’ modelling approach. In Interna-
tional workshop on multi-agent systems and agent-based simulation, pp. 130–144. Springer, 2004.

Bruce Edmonds, Christophe Le Page, Mike Bithell, Edmund Chattoe-Brown, Volker Grimm, Ruth
Meyer, Cristina Montañola-Sales, Paul Ormerod, Hilton Root, and Flaminio Squazzoni. Different
modelling purposes. JASSS, 22(3):6, 2019.

Roy J Eidelson. Complex adaptive systems in the behavioral and social sciences. Review of General
Psychology, 1(1):42–71, 1997.

Joshua M Epstein. Agent-based computational models and generative social science. Complexity,
4(5):41–60, 1999.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Joshua M Epstein. Inverse generative social science: Backward to the future. Journal of artificial
societies and social simulation: JASSS, 26(2):9, 2023.

Nicoló Fontana, Francesco Pierri, and Luca Maria Aiello. Nicer than humans: How do large language
models behave in the prisoner’s dilemma? arXiv preprint arXiv:2406.13605, 2024.

Tobias Galla, Giancarlo Mosetti, and Yi-Cheng Zhang. Anomalous fluctuations in minority games
and related multi-agent models of financial markets. arXiv preprint physics/0608091, 2006.

Aram Galstyan, Tad Hogg, and Kristina Lerman. Modeling and mathematical analysis of swarms
of microscopic robots. In Proceedings 2005 IEEE Swarm Intelligence Symposium, 2005. SIS 2005.,
pp. 201–208. IEEE, 2005.

Kanishk Gandhi, Dorsa Sadigh, and Noah D Goodman. Strategic reasoning with language models.
arXiv preprint arXiv:2305.19165, 2023.

Chen Gao, Xiaochong Lan, Nian Li, Yuan Yuan, Jingtao Ding, Zhilun Zhou, Fengli Xu, and Yong
Li. Large language models empowered agent-based modeling and simulation: A survey and
perspectives. Humanities and Social Sciences Communications, 11(1):1–24, 2024.

Tao Ge, Xin Chan, Xiaoyang Wang, Dian Yu, Haitao Mi, and Dong Yu. Scaling synthetic data creation
with 1,000,000,000 personas. arXiv preprint arXiv:2406.20094, 2024.

William V Gehrlein. Condorcet’s paradox. Theory and decision, 15(2):161–197, 1983.

Gerring. Social Science Methodology: A Criterial Framework. Cambridge University Press
Cambridge, 2001.

Anthony Giddens. The Constitution of Society: Outline of the Theory of Structuration, volume 349.
Univ of California Press, 1986a.

Anthony Giddens. Sociology: A Brief but Critical Introduction. Bloomsbury Publishing, 1986b.

Mark Granovetter. Threshold models of collective behavior. American journal of sociology, 83(6):
1420–1443, 1978.

Sanford J Grossman and Joseph E Stiglitz. On the impossibility of informationally efficient markets.
The American economic review, 70(3):393–408, 1980.

George Gui and Olivier Toubia. The challenge of using llms to simulate human behavior: A causal
inference perspective. arXiv preprint arXiv:2312.15524, 2023.

Hongyi Guo, Zhihan Liu, Yufeng Zhang, and Zhaoran Wang. Can large language models play games?
a case study of a self-play approach. arXiv preprint arXiv:2403.05632, 2024.

Xu Han, Zengqing Wu, and Chuan Xiao. "guinea pig trials" utilizing gpt: A novel smart agent-based
modeling approach for studying firm competition and collusion. arXiv preprint arXiv:2308.10974,
2023.

Samer Hassan, Javier Arroyo, José Manuel Galán Ordax, Luis Antunes, Juan Pavón Mestras, et al.
Asking the oracle: Introducing forecasting principles into agent-based modelling. Journal of
artificial societies and social simulation. 2013, V. 16, n. 3, 2013.

Luzie Helfmann, Jobst Heitzig, Péter Koltai, Jürgen Kurths, and Christof Schütte. Statistical analysis
of tipping pathways in agent-based models. The European Physical Journal Special Topics, 230
(16):3249–3271, 2021.

Nathan O Hodas and Kristina Lerman. The simple rules of social contagion. Scientific reports, 4(1):
4343, 2014.

John H Holland. Emergence: From chaos to order. OUP Oxford, 2000.

Richard A Holley and Thomas M Liggett. Ergodic theorems for weakly interacting infinite systems
and the voter model. The annals of probability, pp. 643–663, 1975.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Sirui Hong, Mingchen Zhuge, Jonathan Chen, Xiawu Zheng, Yuheng Cheng, Jinlin Wang, Ceyao
Zhang, Zili Wang, Steven Ka Shing Yau, Zijuan Lin, et al. Metagpt: Meta programming for a
multi-agent collaborative framework. In ICLR, 2024.

Mohammad Hosseini and Serge PJM Horbach. Fighting reviewer fatigue or amplifying bias?
considerations and recommendations for use of chatgpt and other large language models in scholarly
peer review. Research integrity and peer review, 8(1):4, 2023.

Wenyue Hua, Lizhou Fan, Lingyao Li, Kai Mei, Jianchao Ji, Yingqiang Ge, Libby Hemphill, and
Yongfeng Zhang. War and peace (waragent): Large language model-based multi-agent simulation
of world wars. arXiv preprint arXiv:2311.17227, 2023.

Yue Huang, Zhengqing Yuan, Yujun Zhou, Kehan Guo, Xiangqi Wang, Haomin Zhuang, Weixiang
Sun, Lichao Sun, Jindong Wang, Yanfang Ye, et al. Social science meets llms: How reliable are
large language models in social simulations? arXiv preprint arXiv:2410.23426, 2024.

Joshua Conrad Jackson, David Rand, Kevin Lewis, Michael I Norton, and Kurt Gray. Agent-based
modeling: A guide for social psychologists. Social Psychological and Personality Science, 8(4):
387–395, 2017.

Zhijing Jin, Max Kleiman-Weiner, Giorgio Piatti, Sydney Levine, Jiarui Liu, Fernando Gonzalez
Adauto, Francesco Ortu, András Strausz, Mrinmaya Sachan, Rada Mihalcea, et al. Multilingual
trolley problems for language models. In Pluralistic Alignment Workshop at NeurIPS 2024, 2024.

Soon-Gyo Jung, Joni Salminen, Kholoud Khalil Aldous, and Bernard J Jansen. Personacraft:
Leveraging language models for data-driven persona development. International Journal of
Human-Computer Studies, 197:103445, 2025.

Maik Larooij and Petter Törnberg. Do large language models solve the problems of agent-based
modeling? a critical review of generative social simulations. arXiv preprint arXiv:2504.03274, 2025.

Gregory Kang Ruey Lau, Wenyang Hu, Liu Diwen, Chen Jizhuo, See-Kiong Ng, and Bryan
Kian Hsiang Low. Dipper: Diversity in prompts for producing large language model ensembles
in reasoning tasks. In MINT: Foundation Model Interventions, 2024.

Jia-Nan Li, Jian Guan, Songhao Wu, Wei Wu, and Rui Yan. From 1,000,000 users to every user: Scaling
up personalized preference for user-level alignment. arXiv preprint arXiv:2503.15463, 2025.

Nian Li, Chen Gao, Mingyu Li, Yong Li, and Qingmin Liao. Econagent: Large language
model-empowered agents for simulating macroeconomic activities. In Proceedings of the 62nd
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp.
15523–15536, 2024.

Xiaoyu Lin, Xinkai Yu, Ankit Aich, Salvatore Giorgi, and Lyle Ungar. Diversedialogue: A methodology
for designing chatbots with human-like diversity. arXiv preprint arXiv:2409.00262, 2024.

Andy Liu, Mona Diab, and Daniel Fried. Evaluating large language model biases in persona-steered
generation. In Findings of the Association for Computational Linguistics ACL 2024, pp. 9832–9850,
2024a.

Xiao Liu, Hao Yu, Hanchen Zhang, Yifan Xu, Xuanyu Lei, Hanyu Lai, Yu Gu, Hangliang Ding,
Kaiwen Men, Kejuan Yang, et al. Agentbench: Evaluating llms as agents. In ICLR, 2024b.

Zhihao Liu, Xianliang Yang, Zichuan Liu, Yifan Xia, Wei Jiang, Yuanyu Zhang, Lijuan Li, Guoliang
Fan, Lei Song, and Bian Jiang. Knowing what not to do: Leverage language model insights for action
space pruning in multi-agent reinforcement learning. arXiv preprint arXiv:2405.16854, 2024c.

Nunzio Lorè and Babak Heydari. Strategic behavior of large language models and the role of game
structure versus contextual framing. Scientific Reports, 14(1):18490, 2024.

Fabian Lorig, Emil Johansson, and Paul Davidsson. Agent-based social simulation of the covid-19
pandemic: A systematic review. JASSS: Journal of Artificial Societies and Social Simulation, 24
(3), 2021.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Jonathon Louth. From newton to newtonianism: Reductionism and the development of the social
sciences. Emergence: Complexity & Organization, 13(4), 2011.

Siting Estee Lu. Strategic interactions between large language models-based agents in beauty contests.
arXiv preprint arXiv:2404.08492, 2024.

Qun Ma, Xiao Xue, Deyu Zhou, Xiangning Yu, Donghua Liu, Xuwen Zhang, Zihan Zhao, Yifan Shen,
Peilin Ji, Juanjuan Li, et al. Computational experiments meet large language model based agents:
A survey and perspective. arXiv preprint arXiv:2402.00262, 2024.

Xinyao Ma, Rui Zhu, Zihao Wang, Jingwei Xiong, Qingyu Chen, Haixu Tang, L Jean Camp, and
Lucila Ohno-Machado. Enhancing patient-centric communication: Leveraging llms to simulate
patient perspectives. arXiv preprint arXiv:2501.06964, 2025.

Ziqiao Ma, Jacob Sansom, Run Peng, and Joyce Chai. Towards a holistic landscape of situated theory
of mind in large language models. arXiv preprint arXiv:2310.19619, 2023.

Wes Maciejewski, Feng Fu, and Christoph Hauert. Evolutionary game dynamics in populations with
heterogenous structures. PLoS computational biology, 10(4):e1003567, 2014.

Amogh Mannekote, Adam Davies, Jina Kang, and Kristy Elizabeth Boyer. Can llms reliably simulate
human learner actions? a simulation authoring framework for open-ended learning environments. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 39, pp. 29044–29052, 2025.

Gianluca Manzo and Toby Matthews. Potentialities and limitations of agent-based simulations. Revue
française de sociologie, 55(4):653–688, 2014.

Jean-Francois Mercure, Hector Pollitt, Andrea M Bassi, Jorge E Viñuales, and Neil R Edwards.
Modelling complex systems of heterogeneous agents to better design sustainability transitions
policy. Global environmental change, 37:102–115, 2016.

John H Miller and Scott E Page. Complex adaptive systems: an introduction to computational models of
social life: an introduction to computational models of social life. Princeton university press, 2009.

Behnam Mohammadi. Explaining large language models decisions using shapley values. arXiv
preprint arXiv:2404.01332, 2024.

Hernan Mondani and Richard Swedberg. What is a social pattern? rethinking a central social science
term. Theory and society, 51(4):543–564, 2022.

Xinyi Mou, Xuanwen Ding, Qi He, Liang Wang, Jingcong Liang, Xinnong Zhang, Libo Sun, Jiayu
Lin, Jie Zhou, Xuanjing Huang, et al. From individual to society: A survey on social simulation
driven by large language model-based agents. arXiv preprint arXiv:2412.03563, 2024.

Tarek Naous and Wei Xu. On the origin of cultural biases in language models: From pre-training
data to linguistic phenomena. arXiv preprint arXiv:2501.04662, 2025.

Roberto Navigli, Simone Conia, and Björn Ross. Biases in large language models: origins, inventory,
and discussion. ACM Journal of Data and Information Quality, 15(2):1–21, 2023.

Jaume Ojer, Michele Starnini, and Romualdo Pastor-Satorras. Social network heterogeneity promotes
depolarization of multidimensional correlated opinions. Physical Review Research, 7(1):013207,
2025.

Matthias Orlikowski, Jiaxin Pei, Paul Röttger, Philipp Cimiano, David Jurgens, and Dirk Hovy.
Beyond demographics: Fine-tuning large language models to predict individuals’ subjective text
perceptions. arXiv preprint arXiv:2502.20897, 2025.

Scott E Page. Aggregation in agent-based models of economies. The Knowledge Engineering Review,
27(2):151–162, 2012.

Joon Sung Park, Lindsay Popowski, Carrie Cai, Meredith Ringel Morris, Percy Liang, and Michael S
Bernstein. Social simulacra: Creating populated prototypes for social computing systems. In
Proceedings of the 35th Annual ACM Symposium on User Interface Software and Technology, pp.
1–18, 2022.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Joon Sung Park, Joseph O’Brien, Carrie Jun Cai, Meredith Ringel Morris, Percy Liang, and Michael S
Bernstein. Generative agents: Interactive simulacra of human behavior. In Proceedings of the 36th
annual acm symposium on user interface software and technology, pp. 1–22, 2023.

Joon Sung Park, Carolyn Q Zou, Aaron Shaw, Benjamin Mako Hill, Carrie Cai, Meredith Ringel
Morris, Robb Willer, Percy Liang, and Michael S Bernstein. Generative agent simulations of 1,000
people. arXiv preprint arXiv:2411.10109, 2024.

Rajiv Paudel and Arika Ligmann-Zielinska. A largely unsupervised domain-independent qualitative
data extraction approach for empirical agent-based model development. Algorithms, 16(7):338,
2023.

J Gareth Polhill, Matthew Hare, Tom Bauermann, David Anzola, Erika Palmer, Doug Salt, and Patrycja
Antosz. Using agent-based models for prediction in complex and wicked systems. Journal of
Artificial Societies and Social Simulation, 24(3), 2021.

Karl Popper. The logic of scientific discovery. Routledge, 2005.

Xavier Puig, Tianmin Shu, Shuang Li, Zilin Wang, Yuan-Hong Liao, Joshua B Tenenbaum, Sanja
Fidler, and Antonio Torralba. Watch-and-help: A challenge for social perception and human-ai
collaboration. In International Conference on Learning Representations, 2021.

Chen Qian, Wei Liu, Hongzhang Liu, Nuo Chen, Yufan Dang, Jiahao Li, Cheng Yang, Weize Chen,
Yusheng Su, Xin Cong, et al. Chatdev: Communicative agents for software development. In
Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), pp. 15174–15186, 2024.

D Cale Reeves, Nicholas Willems, Vivek Shastry, and Varun Rai. Structural effects of agent
heterogeneity in agent-based models: Lessons from the social spread of COVID-19. Journal of
Artificial Societies and Social Simulation, 25(3), 2022.

Marco Remondino, Anna Maria Bruno, Nicola Miglietta, et al. Learning action selection strategies
in complex social systems. In ICAART (2), pp. 274–281, 2010.

Craig W Reynolds. Flocks, herds and schools: A distributed behavioral model. In Proceedings of
the 14th annual conference on Computer graphics and interactive techniques, pp. 25–34, 1987.

Krishna Ronanki, Beatriz Cabrero-Daniel, and Christian Berger. Prompt smells: An omen for
undesirable generative ai outputs. In Proceedings of the IEEE/ACM 3rd International Conference
on AI Engineering-Software Engineering for AI, pp. 286–287, 2024.

Maxi San Miguel, Jeffrey H Johnson, Janos Kertesz, Kimmo Kaski, Albert Díaz-Guilera, Robert S
MacKay, Vittorio Loreto, Peter Erdi, and Dirk Helbing. Challenges in complex systems science.
The European Physical Journal Special Topics, 214:245–271, 2012.

Shibani Santurkar, Esin Durmus, Faisal Ladhak, Cinoo Lee, Percy Liang, and Tatsunori Hashimoto.
Whose opinions do language models reflect? In International Conference on Machine Learning,
pp. 29971–30004. PMLR, 2023.

Thomas C Schelling. Dynamic models of segregation. Journal of mathematical sociology, 1(2):
143–186, 1971.

Greg Serapio-García, Mustafa Safdari, Clément Crepy, Luning Sun, Stephen Fitz, Peter Romero,
Marwa Abdulhai, Aleksandra Faust, and Maja Matarić. Personality traits in large language models.
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A RELATED WORKS

A.1 COMPUTATIONAL SOCIAL SCIENCE

Social phenomena typically arise from the interactions of intelligent, adaptive agents under dynamic
conditions Eidelson (1997); San Miguel et al. (2012). Even when we fully understand behavior at
a small scale (e.g., personal behavior), we may not necessarily understand social phenomena at the
macro scale Squazzoni et al. (2014). This complexity presents enormous challenges for social science
research, including interpreting causal relationships, determining the applicable scope of problems,
and ensuring reproducibility of conclusions. This aligns with sociologist Giddens’ proposition that
social structures and social practices are interrelated and difficult to find cause-and-effect relationships
Giddens (1986a;b); Wheeler-Brooks (2009). Therefore, traditional social science methods—such
as surveys and laboratory experiments—struggle to capture the nonlinear and emergent dynamics of
real-world social systems, are prone to deriving erroneous patterns from data (known as “apophenia”),
and may overlook failure modes not incorporated into the patterns Abell & Reyniers (2000); Bragues
(2011); Mondani & Swedberg (2022). These challenges have driven the rise of computational social
science, which attempts to use algorithmic, data-driven, and simulation-based approaches to model
and interpret complex social behaviors at scale.

A.2 AGENT-BASED MODELING IN COMPUTATIONAL SOCIAL SCIENCE

ABM has been a foundational method in computational social science, enabling researchers to simulate
macro-level outcomes from simple micro-level behavioral rules (Bonabeau, 2002). Classic exam-
ples include Sugarscape (Epstein, 1999) and Schelling’s segregation model (Schelling, 1971), which
illustrate how wealth gaps or segregation patterns can emerge from individual interactions. Despite dis-
agreements and inconsistencies within social science theories, many works agree that social interaction
is the fundamental unit of sociological analysis and plays a crucial role in research, rather than focusing
solely on individual behavior or macro structures Gerring (2001); Mondani & Swedberg (2022); Turner
(1988). By ABM, the modeling of social interaction can fill the gap in this micro-macro linkage.
ABM provides explanatory power through controlled simulations, but its limitations are widely
acknowledged. These include reliance on hard-coded rules or heuristics, difficulty in encoding
subjective behaviors, poor agent adaptability, and simplification of heterogeneity (Edmonds & Moss,
2004; Reeves et al., 2022; Wu et al., 2023). Moreover, the need for handcrafted agent behavior risks
introducing researcher bias, and limits the scalability and generalizability of such models to real-world
complexity (Williams et al., 2022).

A.3 LLMS IN SOCIAL SIMULATIONS

Recently, the emergence of LLMs has reignited interest in agent-based simulation by enabling more
natural, flexible, and human-like behavioral modeling. LLM agents demonstrate powerful capabilities
in understanding ambiguous instructions, simulating subjective decision-making, and generating
explanations in natural language (Adornetto et al., 2025; Ma et al., 2024; Park et al., 2023). They show
potential across various social science domains: (1) From the technical perspective, LLMs’ powerful
natural language capabilities and theory of mind (ToM) capabilities expand the boundaries of traditional
simulations. For example, the use of LLM agents enables subjective behavioral modeling and the
ability to understand ambiguous natural language instructions Wang et al. (2024b), allows simulation of
theory of mind capabilities Ma et al. (2023), enhances interpretability through generative explanations
Epstein (2023); Ma et al. (2024), and offers ethical and cost advantages compared to human subject
experiments Mou et al. (2024). (2) From the modeling perspective, LLM agents’ generalization
capabilities can be leveraged to test various scenarios, creating value across interdisciplinary fields
Mou et al. (2024) and improving the fidelity of complex behaviors such as interaction, collaboration,
and gaming Ma et al. (2024). (3) Exploratory studies have demonstrated human-like behavior, with
performance approaching that of humans in certain experiments Anthis et al. (2025).
However, recent criticisms have highlighted significant limitations. LLM agents may inherit and
amplify social biases present in their training data Ashery et al. (2025); Mohammadi (2024); Navigli
et al. (2023), lack sufficient behavioral heterogeneity Ma et al. (2025), lack human characteristics
such as the ability to learn independently and memory Ma et al. (2024), and lack transparency and
interpretability due to their black-box nature Larooij & Törnberg (2025). Furthermore, they tend to
collapse to high-probability responses, which limits their ability to simulate the diversity of real human
behavior, particularly in contexts with high subjectivity or cultural variability Shrestha et al. (2025).
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Validating simulation results and their generalizability to real-world phenomena remains a major open
question Chuang et al. (2024a); Hua et al. (2023); Lorè & Heydari (2024); Warnakulasuriya et al. (2025).
These situations pose challenges in translating the potentials discovered in existing works into findings.

B CHALLENGES AND FUTURE DIRECTIONS

The boundaries of LLM-based simulations present several challenges and areas for improvement. (1)
Validation. While validation of LLM individual behavior and dynamic interactions is more difficult
compared to traditional ABM methods, there is currently a lack of good evaluation methods, with
heavy reliance on manual or LLMs’ self-report approaches for validation (Adornetto et al., 2025;
Mou et al., 2024). In response, the simulation community needs to promote systematic evaluation
standards to examine whether LLM-based simulations can yield conclusions beneficial for under-
standing real society. (2) Conditions of claims. Social simulation research needs to more rigorously
consider the proper claims of simulation conclusions, including clearly defining the conditions under
which conclusions hold, their scope of applicability, and their generalization ability in real-world
contexts, avoiding overclaims that reduce the credibility and applicability of simulation conclusions.
For instance, while simulations with constrained heterogeneity can produce findings consistent with
general patterns—such as case studies showing that organizational diversity typically does not improve
collective performance—researchers must meticulously bound their claims, as these simulations may
fail to capture specific conditions (e.g., extreme individual bias) where the opposite effect occurs (Xu
et al., 2014), and dramatically increased heterogeneity may reveal emergent phenomena beyond the
original scope. (3) Bias and ethical concerns. Close attention needs to be paid to bias issues in LLM-
based simulations. Limited by the lack of heterogeneity in LLMs, simulations may lead to neglecting
marginalized groups or generating stereotypes and negative biases towards specific populations or
phenomena. It is necessary to confirm whether LLMs capture biased “averages” and conduct moral and
ethical considerations. (4) Empirical research. Considering that our ultimate goal is to contribute to the
society, applying findings from social simulations to empirical solutions to real-world problems to con-
firm or refute the reliability of conclusions may be the next step the community needs to actively take to
enhance the credibility and importance of simulation methods in research (Popper, 2005; Watts, 2017).

STATEMENTS ON THE USE OF LARGE LANGUAGE MODELS

We used LLMs for grammar checking and polishing the English. The authors are responsible for the
entire content, which originates from the authors themselves.
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