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Figure 1: The Let Them Speak workflow: discovering policy blind spots by targeting individuals at the boundary of eligibility
and generating their voices to inform legislative revision.

Abstract
LLM-based social simulation has gained attention as a tool for pre-
dicting policy outcomes, yet growing evidence suggests that LLMs
cannot faithfully represent the full diversity of society. We turn
this limitation into a feature. Rather than simulating all citizens, we
propose Let Them Speak, a framework that deliberately identifies
the people a policy structurally excludes and generates their voices.
Given a policy text and demographic microdata, the system auto-
matically discovers individuals at the boundary of eligibility—those
excluded by narrow numerical margins or by gaps the law fails
to anticipate—and instantiates them as LLM personas who artic-
ulate policy critiques endogenously, without researcher-injected
hypotheses. Applied to South Korea’s Jeonse Fraud Special Act,
the framework’s proposed amendment matched 5 of 8 criteria in
the actual 2026 legislative revision, compared to 1 of 8 from a ran-
domly sampled control group. These results suggest that targeted
blind-spot discovery can yield more actionable legislative recom-
mendations than untargeted simulation.
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1 Introduction
LLM-based social simulation has emerged as a compelling paradigm
for studying social phenomena at scale. A language model condi-
tioned on a persona description can elicit responses that closely
mirror those of the demographic group it represents [2]. Scaling this
to hundreds of agents in an interactive environment yields a virtual
micro-society—one that can be queried, stressed, and iterated upon
without the burdens of human-subject experimentation [14].

This paradigm has been applied to macroeconomic modeling
[12], public health [9], tax policy [10], and legal proceedings [8].
Its potential as a policy simulation tool—predicting the effects of
legislation before deployment—has attracted particular attention.

However, recent studies have raised concerns about this ap-
proach. LLMs prompted with identity-group personas may produce
out-group imitations—reflecting stereotypes rather than authentic
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perspectives [19]. Training data that over-represents majority view-
points can leave marginalized populations inadequately captured
[6, 16]. Furthermore, minor prompt variations can meaningfully
influence simulation outcomes [5]. Even optimistic assessments of
LLM-based simulation acknowledge vulnerabilities like sycophancy,
prompt sensitivity, and poor generalization [1].

Existing work has primarily addressed these limitations by mak-
ing LLMoutputsmore closelymatch real human responses—through
richer prompting, fine-tuning on social science data, and demo-
graphic calibration [11]. Efforts to incorporate minority or plural
perspectives have also been ongoing [4, 7, 17]. However, these
approaches share the goal of better representing the overall popula-
tion. In the context of policy simulation, even faithful reproduction
of population-level averages leaves a gap: the voices at the statisti-
cal margins—where policy blind spots arise—remain structurally
inaudible.

We ask a different question: if LLMs cannot faithfully represent
everyone, can we instead deliberately sample those most likely to
be excluded and amplify their voices? Just as algorithmic auditing
uses controlled synthetic identities—“sock puppets”—to expose dis-
crimination invisible to aggregate analysis [3, 15], we apply this
audit logic to legislative text. By identifying individuals who fall
just outside a policy’s eligibility boundary—and by surfacing blind
spots in legislative design that no stakeholder anticipated—we can
stress-test a policy’s inclusiveness before it takes effect.

We present Let Them Speak, a framework for ex-ante policy au-
diting through blind-spot-targeted LLM simulation. Our approach
translates a policy’s eligibility rules into machine-executable ex-
pressions and identifies individuals whom the policy structurally
excludes—whether by a narrow numerical margin or by a gap the
law fails to anticipate. These individuals are instantiated as LLM
personas who critique the policy and propose amendments through
adversarial deliberation. We apply this framework to South Korea’s
Jeonse Fraud Special Act and show that targeted simulation surfaces
structural exclusions that conventional analysis misses. Rather than
replacing human deliberation, Let Them Speak augments it: provid-
ing legislators with a computationally generated “minority report”
before a policy takes effect.

2 Framework
We propose a framework for automatically identifying structural
blind spots in draft legislation. Given a policy text and demographic
microdata as input, the framework discovers who the policy ex-
cludes and produces a concrete proposed amendment. Traditionally,
discovering such blind spots and gathering stakeholder perspectives
has required costly, time-intensive processes—town hall meetings,
congressional hearings, and public comment periods. Our frame-
work performs this function computationally.

The pipeline operates as follows. An LLM first reads the policy
text and converts its eligibility criteria into machine-executable
conditional expressions, which are then mapped to the correspond-
ing columns in the microdata. This enables two directions of blind
spot discovery.

First, individuals who fail the conditions—those excluded by a
narrow numerical margin or by an administrative classification
that diverges from reality—are filtered directly from the data.

Second, standardized microdata lacks the granular edge cases
and unexpected real-world situations that a drafted policy may
fail to anticipate. Some individuals appear to satisfy the conditions
based on available data columns but may fall outside the policy’s
actual scope. To surface these invisible blind spots, our system
employs counterfactual prompting. By forcing a base persona
into a contradictory scenario—acting as a genuine victim who is
explicitly excluded from the draft—the LLMmust deduce a plausible
logical narrative explaining their exclusion. In this process, the LLM
generates new conditions and edge cases that the drafted law failed
to anticipate.

A key design principle is that the LLM is not informed of the
exclusion in advance. It receives only the individual’s raw data and
the legislative text. This ensures that the policy critique emerges
endogenously from the model’s own legal reasoning, rather than
from hypotheses injected by the researcher.

The resulting statements are aggregated by a legislator-role LLM,
which synthesizes them into specific article-level amendments to
the original policy. We validate the framework’s predictive accuracy
through a natural experiment. The pipeline is applied to a past
version of a law, and the proposed amendment is compared against
the revision that the legislature actually enacted afterward. Because
the model’s training data has a knowledge cutoff prior to the real
amendment, the possibility that the model memorized the answer
is ruled out.

3 Case Study: Jeonse Fraud Special Act
We applied the framework to the South Korean Jeonse Fraud Special
Act, enacted in June 2023 to protect tenants who lost deposits to
fraudulent landlords. We compared the system’s output against the
actual amended Act passed in January 2026. The model used was
GPT-4o [13], whose training data has a knowledge cutoff of October
2023, ensuring it could not have encountered the 2026 amendment.
The demographic microdata source was the Survey of Household
Finances and Living Conditions [18].

The Act defines victim eligibility through four conjunctive condi-
tions: (1) tenant status with legal standing, (2) deposit ≤ 300M KRW,
(3) insolvency of the landlord with multiple affected tenants, and
(4) evidence of fraudulent intent. Since the survey captures house-
hold financial status rather than external events, conditions (3) and
(4)—which depend on landlord behavior and criminal proceedings—
cannot be evaluated from the data. The mapping therefore focuses
on occupancy type, housing classification, and deposit amount.
This is precisely the gap the LLM is designed to address: the data
identifies who could be affected, while the LLM reasons about what
the law fails to cover.

Based on the framework in Section 3, we constructed a targeted
group of 𝑁=100. First, following the direct filtering approach, we
sampled 𝑁=50 tenants narrowly failing numerical conditions (e.g.,
deposits just over 300M KRW). Second, to surface invisible blind
spots, we sampled 𝑁=50 individuals whose baseline data appeared
eligible. We subjected them to counterfactual prompting, forcing
the base persona into a contradictory scenario: acting as a gen-
uine victim who is explicitly excluded from the draft. This scenario
forced the LLM to hypothesize edge cases absent from both the
data columns and the bill text, such as tenants facing “trust fraud”
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(complex ownership structures) or living in “illegal buildings” (non-
residential commercial registries). A control group of 𝑁=100 was
randomly sampled from the general jeonse tenant population with-
out the counterfactual constraints. Both groups were processed
through the pipeline.

We extracted eight ground-truth criteria by having the LLM sys-
tematically compare the conditional structure of the 2023 and 2026
versions of the Act. Table 1 summarizes the results. The targeted
group predicted 5 of 8 amendment criteria, while the control group
predicted only 1.

Table 1: Proposed Amendment vs. Actual 2026 Amendment.

Criterion Type Target Control

𝑔1 Raise deposit cap (300M → 500M,
max 700M KRW)

Num. ✓ ×

𝑔2 Define “multiple victims” as ≥2 Num. × ×
𝑔3 Extend law validity (2→ 4 years) Num. ✓ ×
𝑔4 Include illegal buildings in purchase

scope
Cat. ✓ ✓

𝑔5 Include trust-fraud housing in pur-
chase scope

Cat. ✓ ×

𝑔6 Introduce auction-surplus rent sub-
sidy mechanism

Logic × ×

𝑔7 Set support application deadline (3yr
/ 1yr)

Logic × ×

𝑔8 Allow streamlined non-victim deci-
sions

Logic ✓ ×

Total 5/8 1/8

The three criteria missed by the targeted group—𝑔2, 𝑔6, and 𝑔7—
represent administrative upgrades and novel institutional mech-
anisms rather than direct coverage expansions. For instance, 𝑔6
(auction-surplus subsidy) is an innovative financing mechanism
that redirects auction price gaps into rent support. Such design does
not emerge from individual complaint data, but requires human
policy engineering. Its absence confirms our design principle: the
framework surfaces who is excluded and why, leaving how to fund
solutions to human expertise.

Conversely, the control group only predicted 𝑔4 (illegal build-
ings). Random sampling captures some tenants in non-residential
registries, making this issue visible without targeted discovery.
However, remaining criteria like trust-fraud inclusions and deposit
cap adjustments required the direct filtering of boundary cases
and counterfactual prompting that untargeted random sampling
missed.

4 Discussion and Conclusion
Traditional policy evaluation asks: “Did this law achieve its intended
outcomes?” This question is asked after enactment, after budgets
are allocated, and—critically—after real people have already fallen
through the cracks. The framework presented here inverts this
timeline. By computationally generating the voices of the excluded
before a policy takes effect, Let Them Speak reframes LLM simulation
not as a predictive model that must be “accurate,” but as a stress-
testing tool that must be adversarial—deliberately seeking failure
modes rather than confirming expected outcomes.

We emphasize that boundary personas are not substitutes for
real stakeholder engagement. They are synthetic constructs whose
narratives, however grounded in microdata, remain products of a
language model with its own biases. Furthermore, by deliberately
targeting the boundaries of a policy, this framework risks over-
amplifying noise—identifying hyper-specific edge cases whose ac-
tual probability is infinitesimally small or whose legislative accom-
modationwould be prohibitively costly. The value of this framework
therefore lies not in dictating policy, but in providing the systematic
coverage of exclusion zones that human deliberation may overlook.
We advocate for its use as a complement to—not a replacement for—
public hearings and participatory processes. A natural extension
of this work is to apply this framework to future legislation where
systematic analysis of blind spots is critical, such as welfare and
subsidy programs.

Our case study on the Jeonse Fraud Special Act demonstrates
that targeted simulation surfaces actionable exclusions that conven-
tional analysis misses, predicting 5 of 8 actual amendment criteria
compared to 1 of 8 from random sampling. We hope this work
contributes to a future where no policy is enacted without first
hearing from those it would leave behind.
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