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Abstract

Large language models (LLMs) offer new op-
portunities for simulating human decision mak-
ing at scale, yet prompting-based approaches
often fail to recover realistic population-level
response distributions, particularly for hetero-
geneous demographic groups and high-entropy
questions. This paper introduces context mod-
eling with agentic Al, a structured simula-
tion framework that explicitly constructs la-
tent, individual-level decision contexts prior
to response generation. By separating persona
construction from decision making and intro-
ducing structured stochasticity through context
sampling, the method captures within-group
heterogeneity and mitigates mode collapse in-
herent in single-prompt simulations. Extensive
empirical evaluation across population-level
and group-conditioned settings shows that con-
text modeling consistently improves simulation
fidelity, with especially strong gains on high-
entropy questions and demographic subpopu-
lations, while preserving performance on low-
entropy tasks. Detailed tail analysis further
reveals that the primary improvement arises
from recovering minority and low-probability
response options that are systematically under-
represented by direct prompting. Overall, the
results demonstrate that faithful behavioral sim-
ulation requires explicit modeling of contextual
heterogeneity and structured uncertainty, estab-
lishing context modeling as a robust foundation
for LLM-based behavioral simulation.

1 Introduction

The ability to simulate human decision-making
has long been a central goal across the social sci-
ences, economics, psychology, and public policy
(Sun, 2018; Chen et al., 2024). Traditional simula-
tion methods such as agent-based models, system
dynamics, econometric formulations, and survey-
driven statistical techniques have yielded valuable
insights, but they rely on predefined assumptions
about which variables matter (Abar et al., 2017).

Task: Simulate diverse population responses with LLMs

[eee ]
Qv—

P
r%’ﬁi%—» Al Agents | —» '-‘7i

P

Population Groups Public Opinions

Method: Context Modeling 5
\o4M Persona 1
v

Demographics:Gender, ¥

Income, Education Ievel/
P —
AgenticC9ntext Persona 2
Modeling
Survey
Questions Latent:Risk Tolerance, Cost
Sensitivity, ... Persona 3

Outcome: Trustworthy population behavior estimates

Decision 1 &
did “Should NYC adopt
L X a congestion fee?”
Decision 2 b A — |. Yes: 52%
* No:40%
Decision 3 O
'Y Survey Results

Figure 1: Conceptual overview of context modeling for
population-level behavior simulation with LLMs.

These assumptions limit scalability and can fail
to capture the richness and complexity of human
reasoning. Recent advances in large language
models (LLMs) have introduced a new paradigm
for behavioral simulation (Gurcan, 2024). Unlike
traditional models that require explicit specifica-
tion of features, LLMs can draw on broad latent
knowledge to produce responses that are coher-
ent, context-sensitive, and normatively grounded
(Qiu et al., 2025). Prior work on LLM-based be-
havioral simulation has revealed systematic limi-
tations, including insufficient stochasticity (Lior
et al., 2025), over-reliance on single personas, low
performance on high-entropy questions (open ques-
tions) (Tonmoy et al., 2024), and limited ability to



faithfully represent specific groups (Simmons and
Hare, 2023). To address this challenge, this paper
introduces context modeling (Figure 1), an agen-
tic framework that explicitly constructs individual-
level decision contexts by identifying and sampling
contextual factors before generating simulated re-
sponses with LLMs.

A key motivation for context modeling lies in its
potential to capture “unknown unknowns” (Beigi
et al., 2024). Human-decisions are shaped not only
by observable attributes such as age, income, and
education, but also by latent factors including risk
preferences, norms, personal experience, and situa-
tional constraints (Asparouhov, 2005). Traditional
simulation approaches assume that all relevant de-
terminants are known in advance, an assumption
rarely satisfied in practice (Stern, 1997). By con-
trast, context modeling reframes LLLM-based be-
havioral simulation as a conditional text genera-
tion problem under latent contextual uncertainty,
and studies how structured context conditioning
reshapes the induced output distribution.

Building on this design, this paper elaborates
context modeling for LLM-based behavioral simu-
lation through the following research questions:
RQ1: Can context modeling improve LL.M-based
behavioral simulation over direct prompting and
numerical baselines?

RQ2: What mechanisms enable context modeling
to improve distributional fidelity in LLM-based
simulation?

RQ3: Does context modeling accurately represent
specific demographic groups and improve simula-
tion performance for those groups?

RQ4: Can context modeling enhance stochasticity
for high-entropy questions (open questions) while
performing well on low-entropy (concensus) ques-
tions?

2 Literature Review

2.1 LLMs for Behavioral Simulation

LLM-based simulation has been widely explored
for modeling and mimicking human decision-
making (Lee et al., 2025; Light et al., 2025).
The underlying idea is that, when appropriately
prompted, an LLM can approximate how individu-
als from a target population respond to survey ques-
tions, moral dilemmas, or policy scenarios(Wang
et al., 2025). If reliable, such simulations could
complement or partially replace traditional surveys,
enabling rapid and low-cost exploration of behav-

ioral responses across diverse populations (Anthis
et al., 2025). Early studies reported promising re-
sults, showing that LLM-generated responses can
resemble aggregate human statistics in domains
such as opinion surveys and moral reasoning, and
that LLM-based agents can produce plausible so-
cial behaviors in interactive settings (Park et al.,
2024; Binz and Schulz, 2023).

However, subsequent work has exposed signifi-
cant limitations. LLM responses are often highly
sensitive to prompt wording, persona descriptions,
and contextual framing, leading to instability across
runs (Breznau et al., 2022). More importantly, ask-
ing a model to respond as a “typical” member of a
group collapses within-group variation into a single
deterministic representation, failing to reflect the
diversity of real populations (Clinton et al., 2025).
Some studies also prove that even state-of-the-art
models achieve limited fidelity to human response
distributions, particularly on high-entropy ques-
tions where opinions are diverse (Hu et al., 2025).
These findings suggest that naive prompting alone
is insufficient for faithful behavioral simulation.

2.2 Persona Prompting and Demographic
Conditioning

Persona prompting is a common technique for con-
ditioning LL.Ms on demographic or role-based at-
tributes, instructing the model to answer from the
perspective of a specified individual or group (Tis-
saoui, 2025; Amin et al., 2025). This approach
can guide model outputs toward subgroup-specific
behaviors and has been applied in domains ranging
from ethical reasoning to survey simulation (Kim
et al., 2024). In some cases, persona conditioning
improves alignment with known group-level trends
compared to unconditioned prompting (Salminen
et al., 2022).

Despite its usefulness, persona prompting has
fundamental limitations. It depends on the model’s
internal representations of demographic categories,
which may be biased or overly stereotypical, and a
single static persona cannot capture the heterogene-
ity present within real groups (Tissaoui, 2025; Liu
etal.,2023). As aresult, persona-based simulations
often over-smooth responses and underrepresent
minority viewpoints, especially for questions with
diverse opinions (Amin et al., 2025). Recent efforts
have attempted to address this issue by sampling
multiple personas or applying post-hoc calibration,
but these methods lack a principled mechanism for
modeling latent contextual factors (Salminen et al.,



2020; Lutz et al., 2025). This limitation motivates
approaches that explicitly represent and sample
individual-level contexts as a foundation for more
faithful behavioral simulation.

3 Problem Definition and Notation

Consider a behavior question ¢ € Q with answer
options .4, and demographic groups g € G. Hu-
man responses for each question—group pair (g, g)
define an empirical distribution p(a | ¢, g), es-
timated from survey data. Given a simulation
method m and an LLM /, the simulator induces
a corresponding distribution pS ,(a | ¢,g). The
objective of LLM-based behavioral simulation is
to design methods for which p%l’ ¢ closely approxi-

mates p' across diverse questions and groups, en-
suring robust population-level and group-level sim-
ulation.

4 Agentic Context Modeling

In context modeling, each individual answering
question ¢ within group g is assumed to possess
an unobserved context vector ¢ € C that repre-
sents latent characteristics influencing the individ-
ual’s decision. Let ¢ = (c1,...,cp) denote the
components of these characteristics (e.g., age, gen-
der, income). The simulation framework approxi-
mates the human response distribution by repeat-
edly sampling such context vectors from a distribu-
tion p(c | ¢, g) and conditioning an LLM prompt
on each sampled c to generate a predicted answer
a. At a conceptual level, the context modeling sim-
ulation pipeline consists of a controller and four
working agents (Figure 2):

1. Feature Selection: Identify a set of context
variables that are relevant for predicting re-
sponses to question ¢ (Section 4.1).

2. Distribution Estimation: For each selected
variable, use an LLLM agent to estimate a dis-
tribution p(C} | ¢, g) representing plausible
values that individuals in group g may take for
that variable (Section 4.2).

3. Persona Sampling: Sample N independent
personas D W) from the joint distribu-
tion p(c | ¢, g), where each persona encodes a
concrete instantiation of the selected context
variables (Section 4.3).

4. Decision Generation: For each sampled per-
sona, construct a prompt that incorporates

both the persona description and the ques-
tion ¢, query the LLM for an answer, and
aggregate the resulting answers to form an
empirical response distribution (Section 4.4).

4.1 Feature Selection

Feature selection agent identifies a set of contextual
variables that are expected to meaningfully influ-
ence responses to question ¢. Rather than selecting
from a predefined pool of variables, the framework
relies on LLM to reason directly over the question
text and determine which contextual attributes are
most consequential for shaping response patterns.
Given the question ¢ and its answer options, the
context agent prompts an LLM to generate a ranked
list of potentially relevant demographic or behav-
ioral variables. From the returned list, the top M
variables are retained to form:
Cq={C1,...,Cum}, (1)
where M is the number of context variables. In
this pipeline, the value of M is not fixed; instead,
it is determined dynamically by the LLM based on
the inferred complexity and contextual demands of
the question.
A key benefit of this design is the transition from
a static, predetermined set of contextual variables
to a fully adaptive, LLM-driven feature-selection
mechanism. By heuristically deciding the con-
text variables, the system can flexibly capture nu-
anced or previously unrecognized dependencies,
“unknown unknowns”, that would be inaccessible
under a fixed-variable regime.

4.2 Distribution Estimation

For each selected contextual variable C; € C,, the
context agent constructs an estimated distribution
p(Cj | g, g) that characterizes plausible values for
members of group g when responding to question
g. The estimated distributions p(C} | g, g) are not
treated as ground truth, but as stochastic priors that
induce diversity in downstream generation. Errors
in these estimates affect coverage rather than cor-
rectness, and their impact is evaluated empirically
through fidelity and tail metrics. Normally, there
are two types of contextual variables:

Continuous Variables. 1f C; is continuous (e.g.,
age, income), it is modeled using a Gaussian distri-
bution:

Cj ~ N(pj,07), 2)
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Figure 2: Context modeling framework for LLM-based behavioral simulation.

where the parameters (11;,0;) are inferred from
population metadata, group-level priors, or domain-
specific heuristics.

Categorical Variables. 1f C; is categorical (e.g.,
education level, gender), it is represented as a multi-
nomial distribution:

PI‘(Cj:T):ﬂ—jra Tzl,...,Rj, (3)

where (71, ..., m;R;) reflect estimated prevalence
across the relevant group and satisfy the normaliza-
tion constraint Zfﬁ 1 Tjr = 1. These probabilities
may be obtained from survey statistics, external
demographic datasets, or LLM inference when pre-
cise information is unavailable.

To simulate full context vectors for each ques-
tion, it is necessary to specify a joint distribution
over all selected variables. To maintain computa-
tional efficiency and avoid the combinatorial com-
plexity of modeling high-dimensional dependen-
cies, we simplified the joint distribution as:

M
plclq,9) =[] r(C;lq9) )
j=1

4.3 Persona Sampling

Given the variable-wise distributions, the context
agent generates a collection of N independent per-
sona characteristics intended to represent plausible
individuals from group g when responding to ques-
tion g. Each persona is constructed as a vector of
contextual attributes:

D = (AN,

where each component ng') is sampled indepen-
dently from its corresponding conditional distribu-

tion:

i=1,...,N, (5

(4)

c;’ ~p(Cjlq,9) (6)

This sampling procedure produces a diverse set
of synthetic contexts that reflect the variability en-
coded in the modeled distributions. By drawing
multiple independent realizations, the framework
captures the heterogeneity of possible respondent
profiles rather than relying on a single representa-
tion.

4.4 Decision Generation

In decision agent, each sampled persona c(*) is con-
verted into a structured natural-language profile
and provided to the decision agent alongside the
question q. This representation supplies the LLM
¢ with a detailed description of the contextual sce-
nario under which a response is to be generated.
Conditioned on both the question and the sampled
context, the LLM produces answers drawn from
the induced conditional distribution:

al ~ Ly(a | q,cD). )

Repeated sampling across independently generated
personas yields a collection of responses {a(i) }f;l
Aggregating these outputs produces an empirical
distribution over answer choices:

N

1 .
~S _ § : (i) _
pm,é(a | q7g) - N 1{a ) - a’}?

=1

®)

which serves as an approximation to the simulated
response probability under model m and LLM £
for the group—question pair (g, g).

This empirical distribution reflects the behavior
of the LLM when confronted with a range of plau-
sible contextual samplings and thus approximates
the variability inherent in human responses. As N
increases, ﬁg% s(a | q,g) converges to the underly-
ing conditional distribution induced by the agentic
context modeling pipeline.



5 Evaluation Metrics

This study evaluates the quality of LLM-based sim-
ulation along four complementary dimensions: Fi-
delity, Validity, Robustness, and Consistency. Let
pH(- | ¢, g) denote the empirical human response
distribution for a given question ¢ and demographic
group g, and p5(- | ¢, g) the corresponding distri-
bution produced by the simulation framework.

5.1 Fidelity

Fidelity serves as the primary metric to evaluate
how closely the simulated distribution matches the
ground truth distribution, capturing the degree to
which the context modeling reproduces the empir-
ical response patterns of real participants. This
study adopts the Jensen—Shannon divergence (JS)
(Fuglede and Topsoe, 2004) as the primary distribu-
tional similarity metric due to its symmetry, bound-
edness, and numerical stability. JS divergence is de-
fined using the Kullback-Leibler divergence (KL),
where for two distributions P and Q.

KL(PIQ) = X P@ oyt ©)

The JS score is computed as:

JS = LKL(p"| M) + S KL(p°| M)

=1 (10)

where M = 1 (p" + p®). Lower values indicate
higher fidelity, as the simulated distribution more
closely approximates the human distribution.

5.2 Validity

Validity assesses whether the structural relation-
ships present in human data are faithfully preserved
by the simulation. This metric examines whether
associations between key behavioral or contextual
variables are reproduced. For paired variables
(X,Y), we measure the deviation between real and
simulated correlations:

Aval = ‘corrH(X,Y)—corrs(X,Y) , (1D

where corrg and corrg denote Pearson correla-
tions in human and simulated samples, respectively.
Smaller values indicate that the simulation pre-
serves behavioral structure more accurately.

5.3 Robustness

Robustness evaluates how sensitive the LLM’s sim-
ulated responses are to small perturbations, such

as prompt rephrasings, minor modifications in per-
sona attributes, or minor changes to LLM param-
eters. Let a(¥) be the answer generated under the
original input and @ the answer generated un-
der a perturbed version of the same scenario. We
quantify robustness via the agreement rate:

1 Y , .
R = LY afa —a0).

i=1

(12)

Higher values reflect a more stable simulation, indi-
cating that small, irrelevant variations do not mean-
ingfully affect the output.

5.4 Consistency

Consistency measures whether repeated simula-
tions under identical settings converge to similar
aggregate distributions. This metric captures the
reproducibility of the simulation pipeline, indepen-
dent of human data. Let P() and P be two inde-
pendently generated simulated distributions for the
same (g, g) pair. We compute consistency using a
normalized Jensen—Shannon similarity:

7S ( PO, p(a))

Cc =1-
log 2

; 13)
This formulation produces a normalized score C' €
[0, 1], where higher values reflect stronger consis-
tency and lower values reflect greater divergence.

6 Experiments

6.1 Dataset and Preprocessing

SimBench (Hu et al., 2025) ! serves as the pri-
mary source of survey questions used in this study.
SimBench consolidates twenty heterogeneous be-
havioral datasets (Table 6), ranging from moral
dilemmas and personality scales to public-opinion
surveys, risk preferences, and numerical estima-
tion, into a unified multiple-choice format. For
computational tractability, we randomly sample
100 population-level questions from SimBenchPop
and 100 group-conditioned question—group pairs
from SimBenchGrouped per iteration. The data
details are in Appendix A.

6.2 Simulation Baselines

Experiments are conducted separately for
population-level and group-level settings (Fig-
ure 3). At the population level, we compare

'All dataset statistics are drawn from the version

released at https://huggingface.co/datasets/pitehu/
SimBench (downloaded October 2025).


https://huggingface.co/datasets/pitehu/SimBench
https://huggingface.co/datasets/pitehu/SimBench

numerical simulation, direct prompting simulation,
and context modeling. At the group level, we
compare numerical simulation, group persona
prompting, and context modeling. For each
question—group pair (g, g), simulated response
distributions are evaluated against empirical human
data. Detailed baseline descriptions are provided
in Appendix D.
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Figure 3: Experimental settings for (a) population-level
and (b) group-level experiments.

6.3 Implementation Details

The proposed context modeling pipeline is evalu-
ated across five major LLM families: ChatGPT,
Gemini, DeepSeek, Qwen, and Claude, to assess
generalization across architectures and alignment
styles. For each model—pipeline combination, re-
sponses are simulated for all sampled population-
level and group-level questions using N = 1000
personas per (g, g) pair. Additional implementa-
tion details, including hyperparameters, tempera-
ture settings, and prompt templates, are provided
in Appendix D.

7 Results and Discussion

7.1 RQ1: Comparative Effectiveness of
Context Modeling

Context modeling consistently improves simulation
fidelity across all evaluated LLMs, as evidenced by
the systematic leftward shift of the JS-distance dis-
tributions in Figure 4 and the corresponding reduc-
tions in aggregate fidelity reported in Table 1 and
Table 2. These gains are observed for every LLM
series considered, indicating that the improvement
is attributable to the simulation method rather than
to model-specific effects. In relative terms, context
modeling shows heterogeneous impacts on valid-
ity across models, indicating that improvements
in distributional fidelity may coexist with modest
trade-offs in correlation-based structural accuracy.
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Figure 4: Overall simulation fidelity (JS similarity) for
each model and method. Peak to the left is better.

These fidelity improvements, however, are ac-
companied by a clear tradeoff. As shown in Table 1,
robustness and consistency are generally lower un-
der context modeling than under direct prompting.
This pattern reflects the design of the context mod-
eling pipeline, which introduces additional stochas-
ticity through context sampling, variable selection,
and agentic generation steps. While this stochastic-
ity improves distributional coverage and mitigates
mode collapse, thereby enhancing fidelity, it also
increases sensitivity to perturbations and run-to-
run variability. Notably, the associated reduction
in consistency is negligible (below 1% across mod-
els), and overall simulation stability remains high.

Table 2: Relative performance improvement by LLMs.

Base Model AFidelity (JS)  AValidity (Cor)
Claude-4.5 +33.2% -15.2%
DeepSeek-V3.2 +31.6% -21.6%
Gemini-2.5-Pro +37.3% +11.4%
GPT-5.1 +30.8% +8.0%
Qwen3-Max +35.9% -27.6%




Table 1: Overall simulation performance across methods and language models. Fidelity and validity are measured
by JS-based distributional distance and correlation-based error, respectively (lower is better). Robustness and
consistency are defined in Section 5 (higher is better).

Method Model Fidelity (J.5) Validity (A1) Robustness(R) Consistency (C)
Numerical 0.075 (0.014-0.183) 0.939 0.600 0.871
GPT-5.1 0.204 (0.008-0.454) 0.425 0.847 0.993
Gemini-2.5-Pro 0.222(0.003-0.631) 0.427 0.861 0.992
Direct Prompting  DeepSeek-V3.2 0.211 (0.008-0.586) 0.513 0.893 0.997
Qwen-3-Max 0.250 (0.009-0.554) 0.385 0.948 0.997
Claude-Sonnet-4.5  0.226 (0.010-0.500) 0.506 0.941 0.997
GPT-5.1 0.141 (0.006-0.396) 0.459 0.703 0.987
Gemini-2.5-Pro 0.139(0.000-0.437) 0.476 0.666 0.988
Context Modeling  DeepSeek-V3.2 0.144 (0.002-0.421) 0.402 0.689 0.987
Qwen-3-Max 0.160 (0.007-0.393) 0.279 0.664 0.988
Claude-Sonnet-4.5  0.151(0.012-0.359) 0.429 0.721 0.989

7.2 RQ2: How Context Modeling Works: Tail
Distribution Recovery

One of the major strengths of context modeling is
its ability to recover the tail of the human response
distribution, including answer options chosen by
a minority of respondents. Under direct prompt-
ing, LLM-based simulation is governed by next-
token probability maximization, which systemati-
cally favors the most common or high-probability
options in the training distribution. As a result,
low-frequency but behaviorally meaningful choices
are often assigned near-zero probability, leading
to mode collapse in the simulated response dis-
tribution. Tail analysis (details in Appendix C.3)
demonstrates that context modeling effectively re-
covers the tail of the human response distribution
(Table 3). Across models, it increases the coverage
of low-probability but behaviorally meaningful op-
tions and reduces the tendency of simulations to
collapse onto dominant response modes.

Table 3: Tail comparison of direct prompting (DP) and
context modeling (CM).

Metric DP CM
Mean tail mass error 0.220 0.196
Mean tail recall 0.243 0.430
Mean tail recall improvement - 0.187
Mean tail mass error reduction - 0.024
Mean proportion improved - 0.337

7.3 RQ3: Performance on Demographic
Subgroup Simulation

Context modeling consistently outperforms group
persona prompting in representing subgroup pop-
ulations across base models and demographic di-
mensions. As shown in Table 5, it achieves system-

atically lower JS distances, indicating closer align-
ment with empirical subgroup response distribu-
tions. These enhancements come from the simula-
tion framework’s explicit modeling of latent, demo-
graphically relevant contextual features, which en-
ables more faithful representation of within-group
variation across demographic dimensions by cap-
turing heterogeneous preferences, constraints, and
situational factors that coarse group-level condi-
tioning cannot express.

Table 4: Average simulation fidelity (JS distance) by
demographic variable. Lower is better.

Demographic CM GP Improvement%
Census Region 0.19 0.20 -5.0%
Marital Status 0.12  0.17 23.5%
Political Ideology 0.08 0.30 73.0%
Political Party 0.04 0.07 -860.3%
Religious Attendance 0.00 0.00 0.0%
Age Group 0.11  0.22 50.5%
City Size 023 031 15.7%
Country 0.13  0.24 31.5%
Discuss Politics 0.11 0.16 33.2%
Domicile 0.12  0.27 35.8%
Education 0.08 0.20 60.4%
ISCED Level 0.18 0.30 39.4%
Employment Status 0.20 0.35 44.3%
Gender 0.11  0.22 47.2%
Highest Education 0.19 0.31 33.3%
Marital Status (Alt.) 0.07 0.20 62.8%
Main Activity 0.14 0.19 28.3%
Religion 0.18 0.26 -66.6%
Religiosity 0.13 0.24 44.8%
Religious Degree 0.02 0.14 69.4%
Subjective Income 0.13  0.19 0.8%
Income Rank 0.13 0.24 49.5%
Urban—Rural 0.04 0.16 70.7%
Work Status 022 0.34 29.0%

Note. CM = Context Modeling; GP = Group Persona Prompting.

At the demographic level, context modeling im-
proves fidelity for most subgroup dimensions (Ta-



ble 4), with especially strong gains for attributes
characterized by internal diversity. In contrast, di-
mensions with limited contextual structure or weak
behavioral differentiation exhibit negligible or neg-
ative changes. These exceptions are limited and do
not alter the overall conclusion: context modeling
provides a more faithful and flexible representa-
tion of subgroup populations than group persona
prompting.

Table 5: Subgroup-level simulation fidelity by base
model. Fidelity is measured by JS (lower is better).

Context Group Impr.
Model Modeling Prompting (%)
Claude-Opus-4.5 0.103 0.226 +54.7
DeepSeek-V3.2 0.134 0.233 +42.8
Gemini-2.5-Pro 0.109 0.236 +53.7
GPT-5.1 0.133 0.229 +41.8
Qwen-3-Max 0.115 0.226 +49.2

7.4 RQ4: Simulation Performance Across
Low- and High-Entropy Questions

Across all evaluated models, context modeling
achieves better fidelity on high-entropy (open-
ended) questions while preserving strong perfor-
mance on low-entropy (consensus) questions Fig-
ure 5. The lower right-end trend values indicate
better performance on high-entropy questions.
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Figure 5: LLM Simulation Fidelity to Question Entropy.
The lower trend line is better.

This pattern arises because standard LL.M infer-
ence is inherently well suited to low-entropy ques-
tions, where human responses exhibit strong con-
sensus and limited variability. In such cases, next-
token probability maximization naturally aligns
with the dominant human choice, yielding high ap-
parent fidelity even under direct prompting. How-
ever, high-entropy questions pose a fundamentally
different challenge, as they require the simulation
to represent a distribution of plausible responses
rather than a single mode. Context modeling ad-
dresses this limitation by decoupling persona con-
struction from response generation and by intro-
ducing structured stochasticity through controlled
persona sampling and contextual variation. This
design reshapes the model’s effective prior over re-
sponses, encouraging exploration of multiple plau-
sible decision pathways while maintaining coher-
ence. More details are provided in Appendix C.4

8 Conclusion

This paper demonstrates that agentic context mod-
eling provides a principled and practical foundation
for LLM-based behavioral simulation. By separat-
ing persona construction from decision generation
and injecting structured stochasticity, the approach
consistently improves fidelity across question types,
demographic groups, and model series. Beyond
performance gains, the results highlight a broader
insight: realistic behavioral simulation requires ex-
plicit representation of heterogeneity rather than re-
liance on single-shot prompting. Context modeling
therefore offers not only a more accurate simula-
tion pipeline, but also a more interpretable and ex-
tensible framework for future research on socially
informed and policy-relevant Al systems.

Limitations

While context modeling improves simulation fi-
delity, several limitations remain. First, the inde-
pendence assumption p(c | ¢,9) = [[; p(Cj | ¢, 9)
may overlook relations among contextual vari-
ables; future work could incorporate multivari-
ate or dependency-aware distributions. Second,
feature selection relies on LLM heuristics rather
than principled criteria, suggesting opportunities
for information-theoretic or causal approaches.
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A Data Description

Survey questions from SimBench comprise a di-
verse collection of datasets spanning multiple be-
havioral and decision-making domains, including
moral reasoning, social and political attitudes, pref-
erence selection, consensus estimation, and socio-
economic decision-making. These datasets are
drawn from widely used survey instruments and
behavioral benchmarks, enabling systematic eval-
uation of LLM-based behavioral simulation under
varied cognitive and uncertainty regimes. Table 6
summarizes the constituent datasets and provides a
brief description of their primary behavioral focus.

Questions types. The questions are organized
into five high-level categories based on the nature
of the underlying task: opinion and attitude, socio-
economic and policy, moral dilemma, decision and
preference, and consensus and ambiguity. This cat-
egorization captures key distinctions in subjectivity,
normative structure, and response variability that
are central to evaluating behavioral fidelity. Ta-
ble 7 shows the relative distribution of questions
across these domains. SimBenchPop consists of
broad coverage across all categories, which works
as an ideal population-level benchmark spanning
both low- and high-entropy questions. In contrast,
SimBenchGroup focuses primarily on opinion- and
policy-oriented questions, where demographic het-
erogeneity is well documented and supported by
large-scale survey data.

Table 7: Percentage distribution of question categories.

Question Category SimBenchPop SimBenchGroup

Opinion 47.1% 78.0%
Socio-economic 7.8% 22.0%
Moral Dilemma 13.7% 0.0%
Decision 15.7% 0.0%
Consensus 15.7% 0.0%

Entropy. To quantify response uncertainty and
behavioral diversity, each question is associated
with an empirical entropy value computed from the
observed human response distribution. Specifically,
for a question ¢ with answer options 4,, entropy
is defined as

H(g)=—->_ p'alq) logp™(a]g),
a€A,

(14)

and for group-conditioned questions in SimBench-
Group,

- palq9)

acA,

logp'(a| g 9).

5)
Lower entropy values indicate strong consensus
among respondents, while higher values reflect po-
larized opinions or intrinsically ambiguous tasks.
Figure 6 presents the distribution of entropy values
across both benchmarks, highlighting the presence
of both consensus-dominated and high-uncertainty
questions.

Population Level Group Level

15 |

Percentage (%)

0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5
Entropy Entropy

Figure 6: Entropy Distributions for SimBench and
Grouped

SimBenchGroup extends the benchmark by ex-
plicitly modeling demographic variation in survey
responses. Group-conditioned questions are de-
fined over a range of demographic attributes, in-
cluding country or region, age, gender, education
level, employment status, income, political affil-
iation, religiosity, and urban-rural classification.
Each question may involve one or multiple group-
ing variables, enabling evaluation of whether sim-
ulation methods can reproduce both marginal re-
sponse distributions and systematic cross-group
differences. This design supports rigorous testing
of demographic fidelity while maintaining compa-
rability across datasets.
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Figure 7: Demographic features tested at group level.



Table 6: Summary of datasets included in SimBench and their primary behavioral domains.

Dataset Domain Description

WisdomOfCrowds (Simoiu et al., 2019) Consensus Crowd judgments and quantitative estimation tasks.
Jester (Goldberg et al., 2001) Preference Humor evaluation and subjective preference choices.
Choices13k (Peterson et al., 2021) Decision Making Structured decision tasks across diverse scenarios.

OpinionQA (Santurkar et al., 2023)
MoralMachineClassic (Awad et al., 2020)
MoralMachine (Awad et al., 2018)

Social Attitudes
Moral Reasoning
Moral Reasoning

ChaosNLI (Nie et al., 2020) Semantics
European Social Survey (ESS) (ERIC, 2022)  Public Opinion
Afrobarometer(Afrobarometer, 2023) Public Opinion
OSPsycBig5 Personality
OSPsycMACH Personality
OSPsycMGKT Mindset
OSPsycRWAS Authoritarianism
ISSP (Group et al., 2012) Sociology
LatinoBarometro (Latinobarémetro, 2023) Public Opinion
GlobalOpinionQA (Durmus et al., 2023) Global Attitudes
DICES (Aroyo et al., 2023) Econ. Preferences
NumberGame (Bigelow and Piantadosi, Estimation
2016)

ConspiracyCorr (Enders et al., 2024) Beliefs

TISP (Mede et al., 2025) Risk / Safety

General attitudes, beliefs, and opinion judgments.
Early moral dilemma scenarios (trolley-type tasks).
Large-scale autonomous-vehicle ethical dilemmas.
Ambiguous NLI judgments adapted to discrete choices.
European Social Survey: political and social attitudes.
Governance and democracy attitudes in Africa.
Big-Five personality assessment items.
Machiavellianism and strategic-agency attitudes.
Growth-mindset evaluation items.

Right-wing authoritarianism scale items.
Cross-national modules on norms, family, and society.
Political attitudes in Latin American countries.
International opinions on social and political issues.
Incentive-compatible economic choice tasks.
Numerical reasoning and quantity estimation.

Conspiracy beliefs and misinformation susceptibility.
Safety perceptions and trust in institutions.

B LLMs and Experimental Settings

This study evaluated all simulation pipelines using
five representative LLM families that were widely
deployed and publicly accessible at the time of ex-
perimentation: the ChatGPT, Gemini, DeepSeek,
Qwen, and Claude. These models span a range
of architectural scales and training paradigms, pro-
viding a diverse testbed for assessing the proposed
simulation methods. All models were accessed
exclusively through their official public APIs.

To ensure comparability across models and sim-
ulation pipelines, we adopted a consistent decod-
ing configuration whenever supported by the APIL.
Specifically, the temperature parameter was fixed
to 1.0 for all models, corresponding to the default
or recommended setting for general-purpose gen-
eration. Nucleus sampling (top-p) was left at each
model’s default value, as default settings are de-
signed to reflect the provider’s intended operating
regime and are not consistently documented across
APIs. For each question (and question—group pair),
we generated NV = 1000 independent samples
to approximate response distributions. The same
decoding configuration was applied consistently
across direct prompting, group persona prompt-
ing, and context modeling pipelines to ensure a
fair comparison. Table 8 summarizes the language
model backends and experimental settings used in
our evaluation. Minor model-specific adjustments
were made only when required by API constraints,
and no task-specific hyperparameter tuning was
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performed.

Table 8: LLMs and decoding parameters.

Model Temp. Top-p Thinking
GPT-5.1 1.0 0.95 Minimal
GPT-5-Mini 1.0 0.95 Minimal
GPT-5-Nano 1.0 0.95 Minimal
Gemini-2.5-Pro 1.0 0.95 Low
Gemini-2.5-Flash 1.0 0.95 Low
Gemini-2.5-Flash-Lite 1.0 0.95 Low
Qwen3-Max 1.0 0.95 Low
Qwen-Plus 1.0 0.95 Low
Qwen-Flash 1.0 0.95 Low
Claude-3.5-Haiku 1.0 0.95 Low
Claude-Sonnet-4.5 1.0 0.95 Low
Claude-Opus-4.5 1.0 0.95 Low
DeepSeek-V3.2 1.0 0.90 Low




C Additional Results and Discussions

C.1 Opverall Performance Ranking

Table 9 reports overall simulation performance
across methods and LLMs, ranked by fidelity. The
numerical baselines achieve the lowest JS diver-
gence, establishing an empirical upper bound for
LLM-based simulation fidelity when ground-truth
distributions are directly sampled. This outcome is
expected, as numerical simulation draws responses
from the observed posterior and therefore mini-
mizes distributional error by construction. How-
ever, despite their high fidelity, numerical methods
operate purely at the distributional level and do not
encode semantic relationships between questions,
contextual attributes, and response patterns. As
a result, they are limited in their ability to gener-
alize beyond the observed data or to model how
responses change under alternative contextual con-
figurations.

Among LLM-based approaches, context mod-
eling consistently outperforms direct prompting
across all evaluated models in terms of fidelity,
while maintaining strong validity, robustness, and
consistency. The improvement is systematic across
model series, indicating that gains arise from the
simulation framework rather than from specific
model architectures or scales.

C.2 Generalization Across Language Model
Families and Scales

Context modeling generalizes consistently across
language model families and scales, yielding sta-
ble fidelity improvements regardless of underlying
architecture or parameter size (Table 10). Across
both closed- and open-source models, the approach
systematically produces lower JS distances than
direct prompting, indicating that its effectiveness
does not depend on a specific training paradigm
or alignment strategy. Importantly, the magnitude
of improvement remains comparable across model
series, suggesting that the gains arise from the struc-
tured simulation pipeline rather than model behav-
ior. Meanwhile, more capable LLMs achieve lower
absolute fidelity errors under both prompting strate-
gies, reflecting their stronger semantic understand-
ing and decision coherence. This pattern implies a
complementary relationship between model capac-
ity and simulation design: advances in underlying
LLMs improve baseline performance, while con-
text modeling consistently reshapes the response
distribution to better reflect human heterogeneity.
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Table 10: Generalization of context modeling across
language model families and scales (lower is better).

Model Direct Prompt Context Model.
GPT-5.1 0.222 0.141
GPT-5-mini 0.231 0.153
GPT-5-nano 0.245 0.163
Claude-Opus 4.5 0.226 0.151
Claude-Sonnet 4.5 0.219 0.149
Claude-Haiku 3.5 0.238 0.132
Gemini 2.5 Pro 0.222 0.139
Gemini 2.5 Flash 0.228 0.134
Qwen3-Max 0.247 0.160
Qwen-Plus 0.235 0.124
Qwen-Flash 0.229 0.138

C.3 Detailed Tail Analysis: Modeling
Minority Response Mass

To evaluate how well different simulation meth-
ods represent low-probability human responses, we
conduct a tail analysis that explicitly focuses on mi-
nority answer options. This analysis complements
global distributional metrics by isolating regions of
the response space where LLMs tend to underrep-
resent human heterogeneity.

Consider a behavior question g with a finite set
of answer options A, = {a1,as,...,ax}. Let
p'(a | ¢, g) denote the empirical human response
distribution for demographic group g. We define
the human tail set 7, , C A, as the set of least fre-
quent answer options whose cumulative probability
mass does not exceed a fixed threshold 7 = 0.2:

> Malgg) <

a€Tq,g

(16)

At least one option is always included in the
tail to ensure that the metric is well defined. The
total human tail mass serves as the ground truth
reference for minority responses:

™, = > p(alqq9)
a€Tq,qg

(17)

For each question group pair, we compare two
simulation methods. Direct prompting produces a
simulated distribution p®(a | ¢, g), while context
modeling produces p©(a | ¢, g). The correspond-
ing simulated tail masses are defined as follows:

T™P, = Y pPlalqg) (18)
a€Tq,g

™S, = > 1%l q9) (19)
a€Tq,g



Table 9: Overall simulation performance ranked by fidelity. Fidelity is measured by JS divergence, where lower
values indicate higher fidelity. Confidence intervals are reported only for fidelity. Validity, robustness, and

consistency are reported as point estimates.

Method Model Fidelity (JS) | Validity (A..;)) Robustness (R) Consistency (C)
Numerical Numerical (Full) 0.005 (0.000-0.019) 0.090 0.465 0.973
Numerical Numerical (Subset)  0.075 (0.014-0.183) 0.061 0.600 0.871
Context Modeling  Qwen Plus 0.124 (0.004-0.390) 0.583 0.649 0.986
Context Modeling  Claude 3.5 Haiku 0.132(0.003-0.369) 0.537 0.667 0.986
Context Modeling ~ Gemini 2.5 Flash 0.134(0.001-0.405) 0.516 0.664 0.985
Context Modeling  Qwen Flash 0.138(0.001-0.434) 0.606 0.641 0.984
Context Modeling  Gemini 2.5 Pro 0.139(0.000-0.437) 0.524 0.666 0.988
Context Modeling  GPT-5.1 0.141 (0.006-0.396) 0.541 0.703 0.987
Context Modeling  DeepSeek Chat 0.144 (0.002-0.421) 0.598 0.689 0.987
Context Modeling  Claude Sonnet 4.5 0.149 (0.007-0.378) 0.560 0.671 0.987
Context Modeling  Claude Opus 4.5 0.151(0.012-0.359) 0.559 0.681 0.985
Context Modeling ~ GPT-5 Mini 0.153 (0.005-0.470) 0.698 0.681 0.985
Context Modeling  Qwen3 Max 0.160 (0.007-0.393) 0.721 0.664 0.988
Context Modeling  GPT-5 Nano 0.163 (0.002-0.516) 0.540 0.719 0.986
Direct Prompting ~ GPT-5.1 0.204 (0.008-0.454) 0.575 0.847 0.993
Direct Prompting  DeepSeek Chat 0.211 (0.008-0.586) 0.487 0.893 0.997
Direct Prompting ~ Gemini 2.5 Pro 0.222 (0.003-0.631) 0.573 0.861 0.992
Direct Prompting ~ Claude Opus 4.5 0.226 (0.010-0.500) 0.494 0.941 0.997
Direct Prompting  Qwen3 Max 0.250(0.009-0.554) 0.615 0.948 0.997

Tail mass fidelity is measured using absolute
error relative to the human distribution. Lower
values indicate closer alignment with the human
minority mass:

(20)

Errqu = ‘TMqB,g - TM};g‘

Cc _ C H
Errw - ‘TMq,g B TMq

al @D

To quantify improvement from context model-
ing, we define tail error reduction as the difference
between baseline and context errors:

— Enr®

@

o B
AFErrg 4 = Errq7g

In addition to aggregate probability mass, we
evaluate whether individual minority options re-
ceive non-negligible probability. Let ¢ = 0.01
denote a small probability threshold. Tail recall
measures the fraction of tail options assigned prob-
ability at least ¢:

M _
Recallw =

> 1[pMalq.g) > €]

Tedl 2.

(23)

Here M € {B,C} indexes the simulation

method. Tail recall improvement from context mod-
eling is defined as follows:

ARecallgy = Recall], — Recally,  (24)
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All tail metrics are computed for each valid
model question group triple where both simulation
methods are available. Results are aggregated by
model, reporting mean values and 95% confidence
intervals across all evaluated pairs. We also report
the fraction of pairs for which tail error reduction is
positive, providing an interpretable measure of how
consistently context modeling improves minority
response fidelity.

Table 11: Tail analysis metrics aggregated by model.
Lower values indicate better performance for tail mass
error, while higher values indicate better performance
for tail recall and improvement metrics.

Metric DP CM
Mean tail mass error Err® Err®
Mean tail recall Recall®?  Recall®
Tail mass error reduction AErr

Tail recall improvement ARecall

Fraction of improved pairs Pr(AErr > 0)

The result provides clear evidence that context
modeling improves LLM-based behavioral simula-
tion primarily by strengthening the representation
of minority response options rather than merely
rescaling aggregate probabilities. As shown in Ta-
ble 12, context modeling substantially increases tail
recall for all evaluated models, with improvements
ranging from 9.2% to 26.5%. This indicates that,
under direct prompting, LLMs frequently collapse
low-probability human responses to near-zero like-
lihood, whereas context modeling systematically



Table 12: Tail analysis summary across language models. Tail mass error measures absolute deviation from the
human minority mass, where lower values indicate better fidelity. Tail recall measures the fraction of minority
options assigned non-negligible probability, where higher values indicate better coverage. Percentage Improved
denotes the proportion of question—group pairs for which context modeling reduces tail mass error relative to direct

prompting.
Metric Claude Opus 4.5 DeepSeek Chat Gemini 2.5Pro GPT-5.1 Qwen3 Max
Direct Prompting tail mass error 0.203 0.192 0.233 0.215 0.256
Context Modeling tail mass error 0.186 0.193 0.176 0.198 0.228
Tail mass error reduction 0.017 —0.000 0.057 0.017 0.027
Direct Prompting tail recall 16.8% 20.6% 29.9% 31.2% 23.1%
Context Modeling tail recall 38.3% 45.0% 41.9% 40.4% 49.6%
Tail recall improvement 21.5% 24.4% 12.0% 9.2% 26.5%
Percentage Improved 31.3% 34.3% 36.4% 33.3% 33.3%

reallocates probability mass across a broader set
of minority options. Again, these recall gains are
consistent across model families, suggesting that
the effect arises from the simulation pipeline rather
than model-specific characteristics. Improvements
in tail mass fidelity are more moderate but remain
positive for most models, with tail mass error re-
ductions observed in approximately one-third of
question—group pairs. This pattern implies that
context modeling first mitigates mode collapse by
preserving minority options, and only secondarily
improves the precise calibration of their aggregate
probability mass.

C.4 Additional Results on RQ4

High-entropy questions represent cases where hu-
man responses exhibit substantial disagreement
and behavioral heterogeneity, making them par-
ticularly challenging for LLM-based simulation.
Focusing on the top 30% of questions by entropy,
context modeling achieves a substantial improve-
ment in simulation fidelity relative to direct prompt-
ing. Specifically, the mean JS divergence decreases
from 0.127 under direct prompting to 0.086 under
context modeling, corresponding to an improve-
ment of approximately 32%. This reduction indi-
cates that context modeling is markedly more ef-
fective at capturing the dispersed response distribu-
tions characteristic of high-entropy settings. In con-
trast, direct prompting exhibits significantly higher
divergence, reflecting its tendency to overconcen-
trate probability mass on dominant response modes.
As expected, numerical simulation achieves the
lowest divergence, serving as an empirical upper
bound, but lacks the ability to model contextual
dependencies or generalize beyond observed poste-
riors.

Table 13: Simulation fidelity on high-entropy questions
(top 30% by entropy). Lower JS indicates higher fidelity.

Method Mean JS Median JS
Numerical 0.002 0.002
Context Modeling 0.086 0.076
Direct Prompting 0.127 0.173
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Figure 8: Performance comparison between direct
prompting and context modeling via entropy.

Context modeling is particularly effective for
high-entropy questions because such settings re-



quire the simulation to represent genuine behav-
ioral diversity rather than converge to a single dom-
inant response. Under direct prompting, LLM in-
ference is driven by next-token probability maxi-
mization, which favors the most salient or frequent
options and leads to overconfident, low-entropy
outputs even when human responses are highly dis-
persed. Context modeling mitigates this limitation
by explicitly structuring contextual attributes and
sampling across diverse personas, thereby reshap-
ing the effective response prior and encouraging ex-
ploration of multiple plausible decision pathways.
This structured stochasticity allows the model to al-
locate probability mass across competing responses
in a controlled manner, aligning simulated distribu-
tions more closely with the heterogeneous patterns
observed in human data.

C.5 Additional Discussion

Simulation fidelity depends more on where ran-
domness is introduced than on how much random-
ness is used. Increasing stochasticity solely at the
decoding stage, such as by raising temperature
or adjusting sampling parameters, often amplifies
noise without addressing systematic biases in LLM-
based simulation. This approach can degrade per-
formance on low-entropy questions while failing to
recover meaningful diversity on high-entropy ones.
In contrast, context modeling introduces random-
ness at the level of persona construction and contex-
tual conditioning, where variability corresponds to
interpretable dimensions of human heterogeneity.
By placing stochasticity upstream in the simulation
pipeline, context modeling enables controlled ex-
ploration of diverse response tendencies, leading to
improved distributional fidelity without sacrificing
robustness or consistency.

In addition, larger models do not automatically
solve the challenges of behavioral simulation, and
structural design remains essential. Despite their
increased capacity and stronger language under-
standing, larger LLMs still exhibit majority bias
and mode collapse under direct prompting, partic-
ularly in settings that require modeling heteroge-
neous human behavior. The consistent improve-
ments achieved by context modeling across model
sizes and families indicate that simulation perfor-
mance is driven primarily by how contextual in-
formation is represented and utilized rather than
by scale alone. These findings underscore that
effective behavioral simulation requires explicit
structural mechanisms to capture context and het-
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erogeneity, even when using state-of-the-art large
language models.



D Simulation Pipelines and Prompt
Template

D.1 Numerical Simulation

The numerical simulation pipeline serves as a non-
LLM baseline that generates synthetic responses
using only observed survey statistics. The core idea
is to treat each question as a discrete choice prob-
lem and simulate responses by sampling from the
empirical human response distribution estimated
from ground-truth data. For a question ¢ with an-
swer set A, = {a1,...,ax}, let ny(a) denote the
number of respondents who selected option a, and
let Ny = > ¢ 4, Nq(a) be the total sample size.
The empirical response distribution is then com-
puted as

ng(a)

N (25)

(a|q) ac A,

To simulate .S independent synthetic responses for
question ¢, we draw

1,...,85,
(26)
and aggregate the simulated outcomes into a simu-

lated distribution

g(s) ~ Categorical(ﬁH(‘ | Q)) , S

~Num

S
Al a) = ¢ D 1[50 =] a e A, @D
s=1
where I[-] is the indicator function. When demo-
graphic groups are available, the same procedure
applies conditionally: for group g, we compute
M(a | ¢,9) = ngg(a)/N,, and sample from
Categorical(pt(- | q,g)). This pipeline isolates
the effect of sampling variability and provides a
principled reference point for evaluating LLM-
based simulation methods, since it reflects the best
achievable performance under a purely distribu-
tional resampling assumption.

Example.

Example Survey Question

Question: There are some things that can be done to
reduce energy use, such as switching off appliances
that are not being used, walking for short journeys,
or only using the heating or air conditioning when
really needed. In your daily life, how often do you
do things to reduce your energy use?

Consider a survey question:

Answer options:

(A) Never (B) Hardly ever
(D) Often  (E) Very often
(G) Cannot reduce energy use

(C) Sometimes
(F) Always
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Suppose a total of N, = 1000 survey responses
are observed for the energy-use question, dis-
tributed across the seven answer options. Using
Eq. (25), these counts are normalized to obtain an
empirical response distribution p*I(- | ¢), with the
highest mass placed on mid-to-high frequency re-
sponses (e.g., “Often” and “Very often”).

To generate synthetic data, we draw S = 1, 000
responses from a categorical distribution parame-
terized by p' (- | q) (Eq. (26)). Aggregating these
samples yields a simulated distribution pN"™ (- | q)
that closely matches the empirical distribution, with
only small deviations due to finite-sample Monte
Carlo variability. As S increases, pN"™(- | ¢) con-
verges to pt (- | ¢), confirming that numerical sim-
ulation preserves the original response proportions

by construction.

D.2 Direct Prompting Simulation

Direct prompting simulation serves as a baseline
LLM-based approach in which the model is queried
to produce a single survey response conditioned
only on the question text and, when applicable,
minimal demographic descriptors. Unlike agentic
or context-modeling methods, this approach does
not explicitly model uncertainty, population distri-
butions, or iterative reasoning. Instead, it relies on
the LLM’s implicit knowledge and internal priors
to select the most plausible answer. For each ques-
tion, the model is prompted to choose exactly one
option from the predefined answer set, and repeated
queries are used to approximate a response distri-
bution. This method reflects a common practice in
prior work. Figure 9 shows the prompt for direct
prompting of the example question.

Direct Prompting Template

Question: There are some things that can be done to
reduce energy use, such as switching off appliances
that are not being used, walking for short journeys,
or only using the heating or air conditioning when
really needed. In your daily life, how often do you
do things to reduce your energy use?

Answer options: (A) Never (B) Hardly ever

(C) Sometimes (D) Often  (E) Very often

(F) Always (G) Cannot reduce energy use Given
the characteristics above, pick the single option this
person would choose. Valid answers (letters only): A,
B, C, D, E, F, G. If unsure, choose the most plausible
option. Your response MUST be exactly one of the
valid letters. Return only that single letter (e.g., A).

Figure 9: Prompt template for direct prompting.



D.3

Group persona prompting extends direct prompting
by explicitly conditioning the LLM on a predefined
demographic profile intended to represent a spe-
cific population group. Instead of relying solely on
the question text, the model is provided with group-
level characteristics such as country, age group,
gender, education, or other socio-demographic at-
tributes. The LLM is instructed to answer the sur-
vey question from the perspective of a typical indi-
vidual belonging to the specified group. While this
approach introduces demographic context, it still
operates in a single-step manner and does not ex-
plicitly model response uncertainty or population-
level distributions. Repeated queries are therefore
required to approximate a response distribution.
Group persona prompting is widely used in applied
LLM studies and serves as a natural intermediate
baseline between direct prompting and more struc-
tured context-modeling pipelines. Figure 10 illus-
trates the prompt used for group persona prompting
with the example question.

Group Persona Prompting Template

Persona Description:

You are asked to simulate the response of a randomly
selected individual from the following demographic
group:

Occupation: Student

Question:

There are some things that can be done to reduce
energy use, such as switching off appliances that
are not being used, walking for short journeys, or
only using the heating or air conditioning when really
needed. In your daily life, how often do you do things
to reduce your energy use?

Group Persona Prompting Simulation

Answer options:

(A) Never (B) Hardly ever
(D) Often  (E) Very often
(G) Cannot reduce energy use

(C) Sometimes
(F) Always

First, randomly sample a plausible individual from
the demographic group described above. Then, from
that individual’s perspective, pick the single option
this person would choose.

Valid answers (letters only): A, B, C, D, E, F, G.
If unsure, choose the most plausible option. Your
response MUST be exactly one of the valid letters.
Return only that single letter (e.g., A).

Figure 10: Prompt template for group persona prompt-
ing with prompt-based random individual sampling.

D.4 Context Modeling

Context modeling adopts a structured, multi-agent
simulation pipeline to generate survey responses
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that explicitly account for contextual relevance,
demographic heterogeneity, and response uncer-
tainty. Unlike direct prompting or group persona
prompting, which rely on a single-step decision
conditioned on a fixed description, context model-
ing decomposes the simulation process into four
coordinated agents: feature selection, distribution
estimation, sampling, and decision. Each agent per-
forms a well-defined role, enabling the simulation
to separate contextual reasoning from stochastic
response generation.

The pipeline begins with a feature selection
agent, whose role is to identify the subset of re-
spondent characteristics that are most relevant to
the given survey question. Conditioning on all
available attributes can introduce noise and spuri-
ous correlations; therefore, this agent selects only
salient demographic and attitudinal variables based
on the semantic content of the question. For the
energy-use frequency question, features such as
country, age, education level, income, and environ-
mental concern are typically prioritized.

Feature Selection Agent Prompt

You are an API that returns ONLY JSON. Do not
include any text outside the JSON output.

Your task is to identify the most relevant demographic
and psychographic characteristics that are likely to
influence how respondents answer the survey ques-
tion below. You are not given a predefined feature
pool and should freely select the most salient and
interpretable characteristics.

Output format:

Return a JSON array containing the top k features,
ranked from most to least relevant. Each element in
the array must follow exactly the schema below:

{"feature”": "<name>", "rank": <integer>}

Rules:

(1) Use exactly the keys shown above.

(2) Ranks must be consecutive integers starting from
1.

(3) Feature names should be concise, descriptive, and
commonly used in survey research.

(4) Do not include explanations, comments, or addi-
tional fields.

(5) Return only the JSON array.

Survey Question:

There are some things that can be done to reduce
energy use, such as switching off appliances that
are not being used, walking for short journeys, or
only using the heating or air conditioning when really
needed. In your daily life, how often do you do things
to reduce your energy use?

Given the selected features, the distribution esti-
mation agent constructs a conditional population-
level distribution over respondent characteristics
for the specified question—group pair. This distri-



bution represents heterogeneity within the group
and serves as the basis for sampling individual in-
stances.

The sampling mechanism provides several key
benefits that are not attainable through direct or
single-persona prompting. Most importantly, it en-
ables the simulation to capture individuals in the
tails of the population distribution, respondents
whose behaviors, constraints, or preferences devi-
ate from a notional “average” or fully rational agent.
Direct prompting typically elicits responses that re-
flect a coherent, norm-following, and internally
consistent persona, which tends to overrepresent
modal or socially desirable behavior and underrep-
resent marginal, inconsistent, or constrained deci-
sion patterns observed in real survey data. By con-
trast, distribution-based sampling explicitly gener-
ates respondents across the full support of relevant
characteristics.

Distribution Estimation Agent Prompt

You are an API that returns ONLY JSON. Do not
include any text outside the JSON output.

Your task is to estimate the population-level
distribution of the most relevant demographic
and psychographic characteristics for respondents
answering the survey question below.

Selected characteristics:

country, age, household_income_level,
tion_level, environmental _concern

Output format:

Return a JSON array containing the top k features.
Each element in the array must follow exactly one of
the two schemas below:

educa-

Continuous feature

{"feature”: "<name>", "type": "continuous”,
"mean”: <float>, "std": <float>,
"bounds”: [<min>, <max>]}

Categorical feature

{"feature": "<name>", "type": "categorical”,
"distribution”:

{"label1”: <prob>, "label2": <prob>}}

Rules:

(1)Use exactly the keys shown above. (2)Probabil-
ities must sum to approximately 1.0. (3) Bounds
must be a two-element array [min, max]. (4) Do
not include explanations, comments, or additional
fields.(5)Return only the JSON array.

Survey Question:

There are some things that can be done to reduce
energy use, such as switching off appliances that
are not being used, walking for short journeys, or
only using the heating or air conditioning when really
needed. In your daily life, how often do you do things
to reduce your energy use?
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Distribution Estimation Agent Output

{

"entry”: {

"type": "categorical”,
"distribution”: { "Italy”: 1.0 }
}Y
"age": {
"type": "continuous”,
"mean”: 35.0,
"std”: 10.0,
"bounds”: [18.0, 80.0]
3,
"household_income_level”: {
"type"”: "categorical”,
"distribution”: {
"low": 0.4,
"middle”: 0.4,
"high": 0.2

}

3

"education_level”: {
"type": "categorical”,
"distribution”: {

"high_school_or_less": 0.5,

"some_college": 0.3,

"bachelor_or_higher"”: 0.2
}

}7

"environmental_concern”: {
"type"”: "continuous",
"mean”: 3.0,

"std": 1.0,
"bounds": [1.0, 5.0]
3
}

. 7

The sampling agent is responsible for instanti-
ating a concrete synthetic individual by stochas-
tically sampling from the conditional feature dis-
tributions estimated in the previous stage. This
step operationalizes within-group heterogeneity
by translating population-level distributions into
individual-level realizations. In implementation,
standard pseudo-random sampling routines (e.g.,
np.random) are used, with controlled random
seeds to ensure reproducibility.

Let C, denote the set of selected contextual fea-
tures for question ¢q. For a categorical feature
¢ € C4 with support {v1, ..., vk} and associated
probabilities {m1,...,7x}, the sampling agent
draws

¢ ~ Categorical(my, ..., Tx). (28)

For a continuous feature ¢ parameterized by mean
te and standard deviation o, a sample is drawn
according to

¢ NN(Mch%

and subsequently truncated to satisfy the prescribed
bounds. The resulting set of sampled values ¢ =

(29)



{¢: c € C;} defines a plausible synthetic individ-
ual consistent with the estimated conditional distri-
bution. Repeating this procedure across multiple
runs ensures that the simulation captures natural
within-group variation rather than collapsing to a
deterministic or modal outcome.

Finally, the decision agent outputs the sampled
response in a strictly constrained format suitable
for evaluation. This agent enforces compliance
with the predefined answer set and suppresses any
additional explanation, ensuring consistency across
simulation methods.

Decision Agent Prompt

You are a simulated survey participant with the fol-
lowing characteristics:

- Country: Italy

- Age: 39.64

- Household income level: middle

- Education level: bachelor_or_higher

- Environmental concern: 1.98

Question: There are some things that can be done to
reduce energy use, such as switching off appliances
that are not being used, walking for short journeys,
or only using the heating or air conditioning when
really needed. In your daily life, how often do you
do things to reduce your energy use?

Options: (A) Never (B) Hardly ever (C) Sometimes
(D) Often (E) Very often (F) Always (G) Cannot
reduce energy use

Pick the single option this person would choose.
Valid answers (letters only): A, B, C, D, E, F, G.
If unsure, choose the most plausible option. Your
response MUST be exactly one of the valid letters.
Return only that single letter. No words, no punctua-
tion, no explanations.

By repeating this four-stage process, context
modeling produces a simulated response distribu-
tion that reflects both systematic contextual ef-
fects and individual-level variability. This de-
sign enables more faithful behavioral simulation
than single-step prompting, while remaining inter-
pretable and modular.
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