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Abstract

With the rapid advancement of Large Language Models (LLMs),
social simulations are evolving to capture richer interactions. How-
ever, current validation methodologies remain predominantly fo-
cused on predictive accuracy—assessing how closely outputs mimic
ground truth data. In this position paper, we argue that this accuracy-
centric view is insufficient, as simulations serve diverse purposes
beyond prediction, such as exploring plausible futures and under-
standing underlying mechanisms. We propose a purpose-driven
evaluation framework comprising three dimensions: Accuracy,
Diversity, and Reflection. We define Accuracy and Diversity at
micro-, meso-, and macro-levels, reflecting how social simulations
should be valid not only in individual interactions but also in emer-
gent group dynamics and aggregate outcomes, and that the methods
for evaluating at each scale may be different. Furthermore, we in-
troduce Reflection as a critical dimension to evaluate whether the
simulation aids users in debugging assumptions (process) and in-
terpreting outcomes (outcome). We conclude with guidelines for
applying these complementary dimensions to establish the opera-
tional validity of LLM-based social simulations.
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1 Introduction

The rapid advancement of Large Language Models (LLMs) along
with their flexibility in generating diverse behaviors and adapting
to context via natural language interaction has generated renewed
interest in social simulations. Recent work has begun exploring
simulations across multiple domains, including modeling social
phenomena [4, 10], supporting educational scenarios [14, 28], and
building user simulators for testing models or products [2, 6, 18]. For
these simulations to be practically useful, they must be trusted as
reliable proxies for reality. Accordingly, prior work has prioritized
validation centered on predictive accuracy and realism, typically
relying on human judgments [1, 23] or comparisons to ground-truth
datasets [9, 10, 17].

However, as Larooij & Térnberg have argued [16], there is a criti-
cal misalignment between the purposes of simulation and the meth-
ods of validation. Many existing approaches focus on surface-level
realism, asking merely whether agents appear to mimic individual
human behavior or recognizable social patterns. This misplaced
focus can obscure whether the intended mechanisms are operating
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accurately, weakening the coupling between validation results and
what the simulation claims to explain.

Building on this critique, in this position paper, we argue that
purpose-driven validation must extend beyond accuracy, and that
there is a need to systematically articulate the range of evaluation
options: in practice, social simulations are used for a wide range of
goals beyond predictive accuracy, and evaluation should align with
those diverse purposes.

We outline three dimensions for validating LLM-based social
simulations that encompass and extend methods used in prior work.
Accuracy asks whether agent behaviors and interaction dynam-
ics match relevant empirical or theoretical targets at the micro-,
meso-, and macro-levels. Diversity captures whether the simula-
tion covers a range of plausible behaviors and outcomes—again at
micro-, meso-, and macro-levels—rather than repeatedly producing
a single “typical” trajectory, while still respecting boundaries on
what should and should not be generated. Reflection asks whether
the simulation enables users to make sense of both how the sim-
ulation is constructed and why it produces particular outcomes:
(i) process reflection supports deliberate consideration of modeling
goals, priorities, and assumptions while building the simulation;
and (ii) outcome reflection supports tracing, explaining, and, when
needed, backtracking from results to make outcomes actionable for
downstream tasks. We conclude with considerations for application
of these different categories of metrics.

2 Background

2.1 Purposes for simulation

Simulations offer a vital alternative to real-world experiments,
which are often constrained by high costs, time, and ethical bound-
aries [3, 20]. Validation has traditionally prioritized predictive accu-
racy—how closely outputs mimic historical ground truth. However,
relying on prediction is insufficient for social simulation. Human
behavior and social dynamics are inherently heterogeneous and
stochastic; even under identical conditions, outcomes emerge as a
distribution rather than a single deterministic trajectory [12, 15, 19].
Therefore, “hitting” a specific future is less important than captur-
ing the range of plausible patterns and underlying mechanisms
appropriate for the simulation’s purpose.

At this point, we revisit the fundamental question: "Why do we
model or simulate?" Epstein [7] argued that the purpose of modeling
cannot be explained by prediction alone. Simulations are used, in
some cases, for explanation (why such phenomena occur), and in
others to explore plausible futures or bound outcomes, and in still
others to support decision-making and learning.
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Analyzing the 16 purposes in [7], two major dimensions emerge
beyond what might typically be evaluated through a lens of predic-
tive accuracy. First of these is the goal of exploration. This usage
includes Epstein’s purposes of “bounding the range of outcomes,” “il-
luminating uncertainties,” and “offering options in crisis.” To achieve
this goal, a simulation must generate diverse, realistically possi-
ble behaviors and interactions, demonstrating how far results can
spread and within what boundaries they remain. In other words,
this goal naturally demands diversity—the ability to produce and
explore various trajectories and outcomes within a plausible range.

Second is the goal of reflection & understanding. This usage
focuses on Epstein’s purposes of “explaining,” “revealing the simple
mechanisms behind apparent complexity (or conversely, showing
why the simple is actually complex),” “training/educating practi-
tioners or the public,” and “disciplining policy dialogue.” Here, the
core function of the simulation is to help users interpret results,
trace which assumptions led to which outcomes, and make sense
of why this happened. Therefore, this goal demands reflection
from the simulation—the ability to reveal assumptions and mecha-
nisms, and to provide interpretable interactions such as comparison,
explanation, and backtracking.

The presence of these two alternative goals does not mean we
should discard accuracy as a goal, but rather that our evaluation
methods should align with the reason for creating the simulation.
Thus, the core of evaluation shifts from “did it perfectly mimic
reality?” to “what is it matching, and at what level, as required to
achieve the intended purpose?”

2.2 Recent approaches to evaluation

Current evaluation methods for LLM-based social simulations pre-
dominantly focus on assessing how closely agents mimic humans
or replicate societal patterns. Many approaches rely on human or
model-based judgments. Evaluators assess agents on criteria such
as naturalness and consistency [1, 23], often utilizing interviews or
Turing-style tests to verify adherence to assigned profiles [21, 22].
Recently, LLM-as-a-Judge [29] has been adopted to scale these
assessments, automatically evaluating agent interactions against
defined social norms [26, 30].

Alternatively, outcomes have been evaluated by comparing sim-
ulation results with empirical data or established theories. Studies
validate whether simulations reproduce known phenomena, such
as fake news propagation [17] or echo chamber formation [10],
often using quantitative metrics like cosine similarity to real-world
networks [9]. Others benchmark agent behaviors against human
distributions in game-theoretic scenarios (e.g., Trust Games) [25]
or large-scale QA datasets [13].

The approaches described above mostly aim to measure how
much the simulation resembles human behavior, or how close the
simulation is to a sort of ground truth. While these approaches are
important in proving that the simulation produces realistic and
plausible results, evaluations based on whether current simulation
systems can support the full range of user goals, such as diversity
or reflection, remain underexplored.
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3 Broadening Evaluation: Accuracy, Diversity,
and Reflection

To broaden simulation evaluation beyond ground-truth fidelity, we
propose an evaluation framework consisting of three core dimen-
sions: Accuracy, Diversity, and Reflection. None of these represents
a completely novel method, but we hope that their consolidation
and comparison provides useful starting point for discussion.

3.1 Accuracy

Accuracy focuses on how realistically the simulation reproduces
human behavior and social phenomena. Most existing evaluation
approaches for simulation have mainly focused on this perspec-
tive. Accordingly, we organize Accuracy across three levels: the
micro level (evaluating an individual agent’s behavior), the meso
level (evaluating interactions among agents), and the macro level
(evaluating the overall simulated society), noting that evaluation
methods may differ across scales of evaluation.

3.1.1  Micro. At the micro level, accuracy refers to how closely an
individual agent’s behavior (e.g., actions, utterances, emotions, deci-
sions) aligns with realistic human behavior. This includes whether
an agent’s responses are aligned with its assigned profile or role,
whether emotional expressions are appropriate to the conversa-
tional context, and whether its decisions resemble those a human
would make in a similar situation. Micro-level accuracy is evaluated
through comparisons between agent outputs and human data, such
as textual similarity to human utterances [8, 10], alignment with
interview responses [21, 23], or human judgments [9, 17].

3.1.2  Meso. At the meso level, accuracy concerns whether interac-
tions among multiple agents and their mutual influences resemble
real-world social interaction dynamics. Examples include natu-
ral turn-taking in conversations, the formation and evolution of
interpersonal relationships, strategic adaptation based on others’
emotional states or past actions, and small-scale information propa-
gation within a group. Meso-level accuracy is often evaluated using
conversation quality metrics (e.g., coherence, responsiveness) [27],
and theory-informed interaction patterns [24]. These methods as-
sess whether interaction structures and dynamics align with known
social theories or empirical observations.

3.1.3  Macro. At the macro level, accuracy refers to whether col-
lective social phenomena emerge from the simulation when con-
sidering the agent society as a whole. Typical targets include large-
scale outcomes such as opinion polarization, norm formation, and
population-level information diffusion across networks, though
these may be quite difficult to operationalize precisely for the pur-
pose of evaluation. Macro-level accuracy is assessed by comparing
aggregate simulation outcomes with known theoretical predictions
or empirical patterns [5, 11]. This includes structural checks (e.g.,
whether numerical trends match existing models), pattern match-
ing against real-world data, and checkpoint-based evaluations that
periodically verify whether the simulation trajectory remains con-
sistent at the scale of society.
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Table 1: Proposed Evaluation Framework: Accuracy, Diversity, and Reflection.

Dim. Level Definition Examples Methods
Accuracy  Micro Alignment of agent’s behavior with hu- Profile alignment; context-appropriate  Text similarity to human data; interview
man reality. emotions. alignment; human eval.
Meso Realism of interaction dynamics among  Turn-taking; relationship evolution; info ~ Comparison with conversation or inter-
agents. propagation. action patterns.
Macro Emergence of collective social phenom- Polarization; norm formation; collective = Comparison with theories/empirical pat-
ena. coordination. terns; structural checks of outcome.
Diversity =~ Micro Variation in agent responses to identical ~Reaction range (e.g., anger vs. negotia- Entropy over actions; semantic distinc-
stimuli. tion) to same provocation. tiveness; embedding dispersion.
Meso Variety of interaction patternsina group.  Different diffusion paths; alternative con- Counting distinct interaction patterns;
flict trajectories. conversation tree structure.
Macro Range of societal outcomes from same Exploring the best & worst cases in static ~ Distribution of final states; trajectory
initial conditions. condition. metrics; coverage of outcome landscape.
Reflection Process Understanding assumptions/gaps while  Realizing missing variables (e.g., incen- Insight yield; rationale clarity; iteration
building. tives); Iterating the simulation model. quality logs.
Outcome Interpreting results for downstream Tracing causes of the results; Adapting Causal traceability; decision usefulness;

tasks.

the interpretation for downstream task.

comparative reasoning studies.

3.2 Diversity

Diversity measures the simulator’s ability to explore different out-
comes from the same initial condition. LLM-based simulations can
leverage their inherent stochasticity to support outcome bound-
ing, reveal uncertain ranges, and explore variability in plausible
futures. As with Accuracy, we define Diversity at the micro, meso,
and macro levels.

3.2.1 Micro. At the micro level, diversity refers to the extent of
variation an individual agent can exhibit when responding to the
same stimulus or situation across multiple simulation runs. For
instance, given an identical provocation, an agent may respond with
anger in one run, remain silent in another, or attempt negotiation
in a third. Micro-level diversity can be assessed by analyzing the
distribution of an agent’s actions or utterances across repeated
runs, and comparing against expected distributions. Metrics such
as entropy over action categories, semantic distinctiveness among
generated responses, or embedding-based dispersion can be used
to quantify variation while holding initial conditions constant.

3.2.2 Meso. At the meso level, diversity captures the variety of
interaction patterns and mutual influence structures that emerge
among agents within a local network or group. Examples include
different diffusion pathways of fake news or alternative conflict
resolution trajectories within a team arising from identical starting
configurations. Meso-level diversity can be evaluated by analyz-
ing how many distinct interactions and influence patterns appear
across repeated runs. Possible approaches include counting dis-
tinct patterns of response types, measuring structural differences
in conversation trees, or analyzing the emergence of distinct sub-
communities using clustering or network modularity.

3.2.3  Macro. Atthe macro level, diversity refers to the range of dis-
tinct societal-level outcomes observable from the simulation under
the same valid initial conditions. A diverse simulation may produce

both “best-case” and “worst-case” societal trajectories to show the
boundary, such as consensus versus polarization, coordination ver-
sus fragmentation, without changing the underlying assumptions
or inputs. Macro-level diversity can be assessed by analyzing the
distribution of final states across runs and comparing them against
a theoretical or conceptual outcome landscape. Trajectory metrics
can count distinct macro-level paths, capturing diversity beyond
endpoints. One possible approach is to first define domain-relevant
outcome dimensions (e.g., total impact, inequality across groups, or
time to stabilization), discretize this space into plausible outcome
regions, and then measure how many of these regions are reached
across repeated runs. This can include simple bin coverage, entropy
over final-state categories, or coverage of expert-defined outcome
regimes. Trajectory metrics can further capture diversity beyond
endpoints by clustering repeated runs into distinct pathway types
or by comparing differences in macro-level temporal patterns.

A challenge for all levels of Diversity is distinguishing between
genuinely plausible outcomes and hallucinated ones. Pursuing di-
versity does not mean accepting random outcomes that are clearly
unrealistic—instead, a simulation system must differentiate between
“what could happen” and “what would never happen.” Therefore,
the goal should be Plausible Diversity, either by balancing Di-
versity with the Accuracy, or by defining boundaries of outcomes
prior to running evaluation.

3.3 Reflection

Reflection captures whether building and using the simulation helps
users (or even the simulation developers) to better understand the
target of simulation, and whether they can interpret simulation
results and apply them to downstream tasks (e.g., decision making).
Without this capability, users cannot assess how iterative changes
affect outcomes or diagnose what is missing or misaligned. More-
over, the black-box nature of LLMs can amplify the difficulty of
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interpretation and calibration [16]. Therefore, when building LLM-
based social simulation systems, we should evaluate whether they
provide sufficient opportunities for user and developer reflection.

3.3.1  Process reflection. Process reflection asks whether building
the simulation helps developers understand what matters for the
target phenomenon. This perspective aligns with the philosophy
of Research through Design (RtD), viewing the construction of a
simulation not merely as an engineering task, but as a method of
inquiry that generates knowledge through the act of making [31].
During authoring, developers often surface hidden assumptions and
knowledge gaps: what must be specified, what is missing, and what
cannot be expressed with the current design. For example, develop-
ers may realize that a key variable was underspecified (e.g., incen-
tives, hierarchy, prior ties), that two rules produce indistinguishable
behaviors, or that a phenomenon appears only after adding a ne-
glected constraint (e.g., attention limits, communication cost). We
can evaluate process reflection by (1) insight yield: what distinct
gaps, assumptions, or design questions developers articulate, (2) ra-
tionale clarity: whether developers can explain what they changed
and why, and (3) iteration quality: whether revisions reduce con-
tradictions, better match intended behaviors, or productively shift
the overall design concept of the simulation. These can be captured
through simulation building logs, revision histories, think-aloud
protocols, or post-hoc rationale reports, and assessed either qual-
itatively through thematic coding or quantitatively by counting
distinct insights and comparing changes across iterations.

3.3.2  Outcome reflection. Outcome reflection asks whether users
can interpret results and use them for downstream tasks. It focuses
on whether users can explain why an outcome happened, which
interactions drove it, and what trade-offs it implies. For example,
users may trace polarization to an influence pathway, explain why
a conflict escalated in one run but not another, or identify which
parameter shift (e.g., policy, agent incentives) changed the result.
Outcome reflection can be assessed via user studies measuring (1)
causal traceability: can users reconstruct a plausible causal chain,
(2) decision usefulness: do explanations improve decisions or confi-
dence calibration, and (3) comparative reasoning: can users compare
trajectories and link differences to controllable parameters. These
can be operationalized through tasks in which users explain out-
comes, compare alternative runs, or make downstream decisions
based on simulation evidence, and evaluated based on explana-
tion quality, decision quality, confidence calibration, or depth of
review. In some cases, outcome reflection can also be assessed indi-
rectly through the quality of the downstream artifact or decision,
as long as the study design can attribute such gains to improved
interpretation rather than raw system output.

4 Considerations in Evaluating Accuracy,
Diversity and Reflection

The above dimensions extend existing simulation evaluation meth-

ods, but the tradeoffs or relationships between these dimensions

have not previously been clearly articulated. In this section, we
discuss a subset of these relationships.
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4.1 Complementarity of Accuracy, Diversity,
and Reflection

In terms of evaluating the overall quality of a simulation, each
dimension is not mutually exclusive but rather may play a com-
plementary role. If Accuracy is guaranteed but Diversity has not
been verified, it becomes difficult to distinguish whether consis-
tent results across multiple runs are due to overfitting to training
data, or if different results are merely accidental errors rather than
plausible outcomes. If the simulation system has been verified to
possess the capability to generate sufficient Diversity, then when
results repeatedly converge under specific conditions, we can more
confidently trust that this convergence represents a stable outcome
rather than overfitting. Conversely, a simulation where Diversity is
guaranteed but Accuracy is unverified becomes a babbling machine
that generates noise. As previously mentioned, this fails to achieve
Plausible Diversity and degrades the reliability of the simulation
itself. Even if Accuracy and Diversity are excellent, if nothing can
be gained from the implementation process or result interpretation,
the simulation may not serve users’ actual needs.

4.2 Purpose-driven Evaluation Design

Due to the unpredictable nature of humans, finding a “one-size-fits-
all” evaluation method is challenging. Instead, users must determine
which dimensions to focus on and how to measure them, based on
the purpose of the simulation and the specific domain. Not every
simulation system needs to be perfect across all three dimensions
and all levels (micro/meso/macro). For example, assume a scenario
of creating rules to prevent the spread of an infectious disease.
Here, the user’s goal is to observe possible behaviors and outcomes
according to changes in rules, and ultimately to formulate the fi-
nal rules. Since the transmission routes of infectious diseases are
scientifically proven, at the meso level, the impact of interactions
between agents can be narrowed down to whether the virus is
transmitted. Therefore, on the meso level, it is necessary to conduct
an evaluation focused on Accuracy, specifically, how closely this
reproduces scientific facts. However, the expectations at the micro
level are different. Since humans often behave in ways we do not ex-
pect, it may be necessary to conduct an evaluation focused more on
Diversity on the micro level, i.e., whether each agent has the ability
to show various unexpected behaviors. Furthermore, features such
as visualization are needed to show each agent’s actions and inter-
actions with others and to allow users to backtrack to understand
how the rules they set influenced the final result. Correspondingly,
if the simulation development process focuses significantly on Re-
flection, it can help users identify what they had not thought of
while testing the system, or discover and complement loopholes
in the rules. Therefore, in a research project implementing a simu-
lation system, it is important to conduct appropriate evaluations
for the components of each level according to the overall needs of
the research. By configuring and reporting these three dimensions
according to the purpose and domain, we can validate whether
the simulation system is aligned with the intended use and more
persuasively argue for operational validity.
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5 Conclusion

We argued that validating LLM-based social simulations solely
by predictive accuracy and realism is insufficient because sim-
ulators are often used for purposes beyond prediction, such as
bounding plausible futures and supporting mechanistic understand-
ing. To address this goal-validation mismatch, we introduced a
purpose-driven framework with three complementary dimensions—
Accuracy, Diversity, and Reflection. These dimensions specify what
to match and at which level (micro/meso/macro), what range of
plausible behaviors and outcomes to cover, and how to support
users through process/outcome reflection. Ultimately, these three
dimensions are complementary, and tailoring evaluation to align
with a user’s purpose and domain provides a stronger basis for
arguing the simulation’s operational validity.
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