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Abstract

Anticipating the social impacts of a policy prior
to implementation requires institutional con-
sistency, ensuring that multi-agent reasoning
should be aligned with the rules specified in
policy documents. However, existing LLM-
based multi-agent simulations struggle to main-
tain such fine-grained institutional rules when
policy documents are provided only as prompt
context. In this paper, we propose TIGRIS,
a Theory-guided framework for Institutionally
GRounded policy Impact Simulation. TIGRIS
operates by (1) constructing a structured policy
knowledge graph from natural-language pol-
icy documents using the Institutional Analysis
and Development framework to define insti-
tutional positions and Institutional Grammar
2.0 to encode behavioral rules, and (2) instan-
tiating actor nodes as persona agents while an-
choring them to a Theory of Change frame-
work to map the causal pathways of policy
impacts. Across four AI talent development
policies and three LLMs, TIGRIS achieves the
lowest macro-average MAPE. Additional ex-
periments on public-health and welfare policies
assess cross-domain transfer, while identifier
masking evaluates sensitivity to policy identi-
fiers.

1 Introduction

Anticipating the social impacts of a policy prior
to implementation has long been a central chal-
lenge for experts in public policy and policy in-
formatics (Johnston, 2015; Dawes and Janssen,
2013). The impacts of a policy emerge dynami-
cally as multiple stakeholders adapt their choices
and interactions under the specific institutional
rules—such as roles, authority, obligations, and
exceptions—specified in policy documents (Os-
trom, 2005; McGinnis, 2011). Therefore, analyz-
ing the impact of policies before implementation
fundamentally requires institutional consistency,
ensuring that the modeling process and result in-

Figure 1: Motivation of TIGRIS. Without an explicit
institutional structure, LLM agents may contradict pol-
icy rules (left), whereas a policy knowledge graph keeps
their reasoning aligned with these rules (right).

terpretation should remain aligned with the institu-
tional rules described in policy documents.

Recent advances in large language models
(LLMs) have led to their increasing deployment in
multi-agent simulations for exploring stakeholder
responses and social interactions during policy im-
plementation, empowered by their reasoning and
role-playing capabilities (Park et al., 2023; Li et al.,
2024; Mou et al., 2024b). Achieving such in-
stitutional consistency requires operationalizing
the fine-grained institutional rules and constraints
within policy documents into an explicit, structured
representation that anchors agents’ reasoning pro-
cesses throughout a simulation (Liu et al., 2024;
Hsieh et al., 2024) (Figure 1).

In this context, previous studies have ex-
plored various methodologies for executing policy
simulations or structuring policy-relevant knowl-
edge; however, each also introduces limitations.
First, LLM-based social simulation enables re-
searchers to explore societal responses by generat-
ing open-ended discussions and interactions among
agents (Park et al., 2023; Yang et al., 2024; Zhou
et al., 2025). However, policy documents are often
used as baseline scenario descriptions, making it
difficult to ensure that agents adhere to the roles,
authority, obligations, and exceptions specified in
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those documents throughout a simulation (Mou
et al., 2024b; Mu et al., 2024). Second, knowledge
graph construction has proven effective for structur-
ing actors and relations in policy documents (Mou
et al., 2024a; Li et al., 2025; Zhang and Soh, 2024).
Nevertheless, conventional entity-relation represen-
tations struggle to capture the normative and con-
ditional nature of the policy domain, where institu-
tional positions, authority, conditions, obligations,
and exceptions operate together. Third, Generative
Agent-Based Modeling (GABM) can model how
collective macro-level policy impacts emerge by
simulating micro-level agent behaviors based on
agents, environments, interactions, and rules (Vezh-
nevets et al., 2023). However, most existing studies
rely on rule sets specified in advance by researchers,
failing to address how complex, natural-language
policy documents can be transformed into struc-
tured representations for institutionally consistent
and causally grounded simulation.

Addressing these barriers requires systematically
integrating theoretical perspectives from the pol-
icy domain into the reasoning process of LLM-
based simulations, so that established theoretical
criteria—rather than unconstrained prompt-based
reasoning—guide what models reference, how they
judge, and how they verify their reasoning. Recent
work has begun to explore such theory-guided rea-
soning, including principle-based alignment meth-
ods (Bai et al., 2022; Madaan et al., 2023) and
frameworks that incorporate behavioral theory into
user modeling (Noh et al., 2025, 2026). While
LLM-based simulation is increasingly recognized
as a viable tool for exploring stakeholder dynam-
ics and social impacts of policy (Li et al., 2024;
Mou et al., 2024b), a systematic methodology for
translating the institutional characteristics of policy
documents into such simulations remains underex-
plored.

To fill this gap, in this paper, we present
TIGRIS, an end-to-end Theory-guided frame-
work for Institutionally GRounded policy Impact
Simulation. Starting from natural-language policy
documents, TIGRIS integrates three foundations
from policy theory into multi-agent simulation: In-
stitutional Analysis and Development (IAD) (Os-
trom, 2011) for institutional interaction structures,
Institutional Grammar 2.0 (IG 2.0) (Frantz and
Siddiki, 2021) for behavioral rules, and Theory
of Change (ToC) for tracing causal policy path-
ways (Weiss et al., 1995). In the first stage, we
construct a policy knowledge graph from natural-

language policy documents; here, IAD defines the
node structure by identifying key actors and in-
stitutional positions, while IG 2.0 establishes the
relation structure by extracting rule components
such as authority, obligation, condition, and excep-
tion. In the second stage, we instantiate these actor
nodes as policy-grounded persona agents and orga-
nize their reasoning along a ToC result chain. As a
result, TIGRIS uses institutional rules as a persis-
tent, structured reference throughout the simulation,
yielding traceable, theory-consistent pathways for
estimating policy impacts.

We evaluate TIGRIS on four AI talent
development policies using DeepSeek-V4-
Flash (DeepSeek-AI, 2026), GPT-4o-mini (Ope-
nAI, 2024), and Gemini-2.0-Flash (Google
DeepMind, 2025). We further evaluate its
cross-domain applicability on public-health and
welfare policies using DeepSeek-V4-Flash and
assess sensitivity to explicit policy identifiers
by applying identifier masking to all methods
on one representative policy from each of the
three domains. TIGRIS achieves the lowest
macro-average MAPE for each backbone in the
primary evaluation. Our contributions are as
follows:

• We develop TIGRIS, an end-to-end pipeline
that operationalizes foundational policy the-
ories within multi-agent-based simulations
for reliable domain-aligned reasoning and
decision-making.

• Through quantitative experiments spanning
AI talent development, public health, and wel-
fare, together with identifier masking, KG ex-
traction validation, and qualitative analysis,
we evaluate prediction accuracy, cross-domain
transfer, and institutional grounding.

2 Related Work

2.1 LLM-Based Social Simulation for Policy
Analysis

Policy simulation and agent-based modeling have
long been used to examine how macro-level policy
effects emerge from the micro-level interactions
of heterogeneous actors under predefined environ-
ments and rules. Recent advances in LLM-based
social simulation extend this line of work by us-
ing language-based agents to generate individual
behaviors, social interactions, and emergent pat-
terns in simulated environments (Yang et al., 2024;
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Mou et al., 2024b). For example, Park et al. (2023)
showed that LLM agents can produce long-term be-
havioral patterns and social interactions through ar-
chitecture leveraging memory, reflection, and plan-
ning. Following this work, researchers have ex-
tended LLM-based social simulations to diverse
domains, including online interactions, opinion
formation, economic decision-making, and pub-
lic resource allocation (Zhou et al., 2025; Chuang
et al., 2024; Li et al., 2024). Generative Agent-
Based Modeling (GABM) further integrates LLM-
based decision-making into agent-based modeling
components, systematically embedding actors, en-
vironments, interactions, rules, and time dynam-
ics (Vezhnevets et al., 2023). Recent studies have
applied GABM to evaluate economic policies, re-
source allocation, and large-scale social interven-
tions (Ji et al., 2024; Mou et al., 2024b).

These advances make LLM-based simulation
effective for exploring heterogeneous stakeholder
responses to policy interventions. However, pre-
vious LLM-based social simulations often treat a
policy merely as a scenario condition to which
agents respond, rather than as a set of institutional
rules that should guide their reasoning (Yang et al.,
2024; Zhou et al., 2025). Previous GABM stud-
ies also tend to rely on environmental constraints
and behavioral rule sets that are predefined by re-
searchers (Vezhnevets et al., 2023; Li et al., 2024).
As a result, most previous studies leave underex-
plored how to transform natural-language policy
documents into structured representations that align
agents’ reasoning and interactions with institutional
boundaries throughout a simulation. We address
this gap by converting document-specified institu-
tional rules into an explicit policy knowledge graph,
establishing it as a persistent reference structure for
multi-agent reasoning.

2.2 Knowledge-Structured Reasoning in
Institutional Domains

Structuring external knowledge has emerged as a
viable paradigm to ground LLM reasoning within
policy and political domains (Pan et al., 2024).
For example, frameworks, such as PEG (Mou
et al., 2024a) and PAA (Li et al., 2025), show that
political-domain knowledge can be externalized
into structured representations and incorporated
into LLM inference, rather than relying solely on
the model’s knowledge. While these studies moti-
vate our use of structured knowledge, their ground-
ing architectures primarily focus on political facts,

actors, and agent profiles, rather than the institu-
tional rules that govern policy implementation.

Policy documents specify how institutional ac-
tors should judge and act within defined roles and
administrative relations; these rules should remain
aligned with agents’ reasoning and cross-agent in-
teractions throughout the simulation. Conventional
entity-relation knowledge graphs struggle to rep-
resent whether an actor is obligated, permitted, or
prohibited to act under conditions or-else conse-
quences (Zhang and Soh, 2024). Our work ad-
dresses this representation bottleneck by construct-
ing a theory-grounded policy knowledge graph,
combining IAD to capture institutional interaction
structures and IG 2.0 to encode behavioral rules.

2.3 Theory-Guided Causal Reasoning in
Multi-Agent Systems

Recent studies have introduced explicit structures
to guide LLM agents’ reasoning beyond uncon-
strained natural-language generation. Chai et al.
(2025) improved multi-agent collaborative plan-
ning by combining a task graph with causal rela-
tions between sub-tasks. Hahm et al. (2025) de-
ployed a causal influence diagram to guide agents
to consider potential outcomes and risks during
decision-making. The need for such structures is
further underscored by LLMs’ known limitations in
causal reasoning. For example, Joshi et al. (2024)
revealed that LLMs often incorrectly infer causal
relations based on temporal order and positional
cues, suggesting that policy impact analysis should
disentangle temporal progression from true causal
explanation. However, these studies do not suffi-
ciently explain how institutional rules derived from
policy documents are reflected across implementa-
tion stages and shape policy impacts.

To structure staged reasoning about policy im-
pacts, we adopt Theory of Change (ToC), a theory-
based evaluation approach that links interventions
to expected societal outcomes through explicit as-
sumptions (Weiss et al., 1995; Funnell and Rogers,
2011). In policy and program evaluation, ToC is
conventionally operationalized as a sequential re-
sult chain spanning inputs, activities, outputs, out-
comes, and impacts (OECD, 2022). We leverage
this theoretical structure as a causal-temporal rea-
soning scaffold for our multi-agent simulation, or-
ganizing agents’ judgements and predictions across
progressive implementation stages while remaining
grounded in document-derived institutional rules.
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Figure 2: Overall framework of TIGRIS. Stage 1 constructs a policy knowledge graph from a policy document using
IAD-based nodes and IG 2.0-based edges; Stage 2 instantiates persona-grounded agents and runs forward/backward
ToC simulations (Activities phase shown for illustration).

3 Method

In this section, we introduce TIGRIS, a two-stage
framework engineered to estimate policy impact
indicators from policy documents (Figure 2): (1)
Institutional Policy Knowledge Graph Construction
(Sec 3.1) and (2) ToC-Guided Policy Impact Simu-
lation (Sec 3.2). Pseudocode and prompt templates
are provided in Appendices A and B.

3.1 Institutional Policy Knowledge Graph
Construction

TIGRIS converts a policy document Dp into a
policy knowledge graph Gp under an ontology
schema:

O = (TIAD, TIG,A), (1)

where TIAD is the set of node types derived from
the IAD framework, TIG is the set of edge types
derived from IG 2.0, and A defines attributes (e.g.,
eligibility criteria and activation conditions) that
capture entity-level properties.

3.1.1 Policy Ontology
The IAD framework (Ostrom, 2011) models insti-
tutional interactions through action-situation com-
ponents such as actors, positions, actions, infor-
mation, control, costs and benefits, and outcomes.
For graph construction, TIGRIS adopts five IAD-
based node types: Participant (individual or or-
ganizational actors), Position (institutional roles
assigned to participants), Action (policy-defined
behaviors), Information (knowledge accessible to

participants), and Costs and Benefits (resources, ex-
penditures, or rewards). Among these, Participant
and Position nodes serve as actor nodes used for
agent construction.

IG 2.0 (Frantz and Siddiki, 2021) decomposes
institutional statements using the ABDICO syntax,
which extends the original ADICO grammar of
Crawford and Ostrom (1995) with an explicit ob-
ject component. In TIGRIS, each rule-grounded
edge stores the corresponding ABDICO compo-
nents as a rule statement, including the actor to
whom the rule applies, the deontic modality, the
aim or action, the object, activation conditions,
execution constraints, and or-else consequences.
The full edge type vocabulary and an illustrative
ABDICO decomposition are provided in the Ap-
pendix F.

3.1.2 LLM-Based Graph Extraction
The input document Dp is an implementation plan
released before policy execution, ensuring that post-
implementation performance indicators are used
exclusively for model evaluation. TIGRIS extracts
Gp from Dp under the ontology constraint:

Gp = ConstructGraphθ(Dp,O). (2)

Each node is assigned a unique label (e.g., “Post-
doctoral Researcher”), an IAD node type, and a
set of type-specific attribute values. Each edge is
similarly assigned a label (e.g., “funds”), an IG 2.0
edge type, and ABDICO-based attributes. Every
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node, edge, and attribute is linked back to its source
span in Dp as evidence.

After extraction, TIGRIS applies a normaliza-
tion and verification step to ensure that each graph
element remains within the predefined ontology vo-
cabulary, follows the required schema format, and
is supported by evidence spans in Dp. Semantically
similar labels are merged using embedding-based
similarity to reduce duplicate nodes and rule edges
that refer to the same institutional role, action, or
policy relation.

3.2 ToC-Guided Policy Impact Simulation
TIGRIS uses Gp to construct policy-grounded
agents and organize quantitative estimation along a
ToC result chain.

3.2.1 Persona-Grounded Agent Construction
A stakeholder definer first selects actor nodes from
Gp for agent construction. For each actor node v,
TIGRIS constructs an institutional context Kv by
collecting the rule-grounded edges incident to v
together with their source evidence, capturing the
role-specific obligations, permissions, prohibitions,
eligibility conditions, resource access, and execu-
tion constraints associated with v. This context
serves both as the retrieval scope for persona sam-
pling and the persistent rule memory referenced by
the agent during simulation.

To inject role-compatible heterogeneity,
TIGRIS translates Kv into a role-conditioned
query Qv over persona attributes (e.g., occupation,
education level, age, professional background) and
retrieves a candidate pool from the country-specific
NVIDIA Nemotron-Personas dataset Nc(p) (Kim
et al., 2026; Fujita et al., 2025; Thongpramoon
et al., 2026):

Pv = ExtractPersona(Nc(p), Qv). (3)

Each sampled persona from Pv is bound to v by
embedding Kv as structured, persistent fields, pro-
viding within-role variation while preserving the
agent’s institutional reference. Detailed persona
fields and filtering criteria are provided in the Ap-
pendix C.

3.2.2 ToC Result Chain Construction
Let Tp denote the set of target indicators to be
predicted for policy p. TIGRIS operationalizes
the ToC using five result-chain phases, Z =
(In,Act,Out,Ocm, Imp), corresponding to In-
puts, Activities, Outputs, Outcomes, and Impacts.

TIGRIS distills two complementary contexts
from Gp: a policy context summarizing the policy
rules and an organizational context summarizing
the participating organizations, jointly denoted as
Cp. For each policy p, TIGRIS then constructs a
ToC result chain Φp that assigns each target indi-
cator t ∈ Tp to a phase z ∈ Z and specifies the
discussion agenda and the prediction fields used at
that phase:

Φp = BuildChainθ(Cp, Tp). (4)

The complete phase-by-phase indicator is provided
in the Appendix D.

3.2.3 Scenario-Level Simulation
TIGRIS performs scenario-level simulations along
the ToC result chain. The forward direction (Fwd)
follows Z , and the backward direction (Bwd) fol-
lows the reverse order. A single simulation pass
in direction δ ∈ {Fwd,Bwd} denotes one com-
plete traversal over the five phases. Passes can
be chained by using the final-phase quantitative
estimates and narrative summaries of a preceding
pass as the initial context for the next pass. While
the forward pass is predictive, the backward pass
is abductive, reasoning from the preceding pass’s
downstream estimates back to upstream conditions
consistent with the institutional context. We empir-
ically compare these chain configurations in Sec. 4.
Throughout, we use ∗ to denote outputs from the
final pass of the chain.

Scenario Setup. For each policy p, a scenario
allocator constructs N scenarios by sampling M
agents per scenario from the actor-specific pools
{Pv}. We denote the policy-grounded profile of
the i-th agent in scenario r as ρir ∈ Pv.

Per-Phase Procedure. A pass in direction δ or-
ders the five phases as (z1, z2, . . . , z5). The follow-
ing procedure is repeated for each zk, where zk−1

denotes the immediately preceding phase (empty
when k = 1). Each phase consists of two steps:

(i) Agent reasoning. The M agents in scenario r
are activated in a randomly sampled order. Given
the distilled contexts Cp, the ToC result chain
Φp, the previous-phase summary Ŝr,zk−1

, and the
within-phase discussion history H i

r,zk
, each profile-

conditioned agent produces a quantitative target
estimate êir,zk , a rationale, and evidence references
grounded in the institutional context:

êir,zk = Agentθ,ρir(Cp,Φp, Ŝr,zk−1
, H i

r,zk
). (5)
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(ii) Phase-level aggregation. The agent outputs
within the phase are jointly aggregated into a phase-
level quantitative prediction x̂r,zk , computed as the
mean of the M agent estimates, and a narrative
summary Ŝr,zk ; together they propagate to the next
phase as context:

(x̂r,zk , Ŝr,zk) = Aggregateθ({êir,zk}
M
i=1). (6)

Final Prediction. After the chain completes, the
per-scenario phase-level outputs are summarized
across the N scenarios into a final policy impact
report:

(ȳp, S̄p) = Summarizeθ({(x̂∗
r,z, Ŝ

∗
r,z)}Nr=1), (7)

where ȳp contains the per-indicator predictions,
computed as the mean of the final-pass estimates
at the phase to which each t ∈ Tp is assigned in
Φp, and S̄p is the phase-by-phase impact pathway
across all five ToC phases.

4 Experiments

To comprehensively evaluate TIGRIS, we address
the following experimental questions:

• EQ1: How accurately does TIGRIS predict
quantitative policy impact indicators?

• EQ2: How do the Policy KG and ToC-guided
reasoning contribute to prediction accuracy?

• EQ3: Does TIGRIS produce rule-grounded
and traceable reasoning that remains institu-
tionally aligned with the policy document?

4.1 Datasets

We evaluate TIGRIS on six policy cases across
four countries. The primary evaluation covers
four AI talent development policies, and the cross-
domain evaluation adds one public-health and one
welfare policy.

• AI Singapore 100 Experiments (100E): A
project-based AI translation program of Sin-
gapore where university researchers and AI
Singapore engineers work with industry part-
ners on real-world deployment.

• Brain Korea 21 (BK21): A graduate education
and university research-capacity program of
Korea that supports advanced research teams
in strategic fields, including AI and software.

• Sejong Science Fellowship (SSF): A national
fellowship program of Korea that supports
early-career STEM researchers, including AI-
related postdoctoral researchers, through inde-
pendent research funding.

• MEXT AIP Project (AIP): A national AI R&D
program of Japan that develops AI and big-
data research capacity through RIKEN and
JST, supporting frontier research and high-
level talent development.

• U.S. No Surprises Act: A public-health policy
that protects patients from unexpected out-of-
network medical bills (Centers for Medicare
& Medicaid Services, 2021).

• U.S. Child Care and Development Fund
(CCDF) Stabilization Grants: A welfare pol-
icy under the American Rescue Plan Act that
supported child-care provider operations and
workforce retention (Office of Child Care, Ad-
ministration for Children and Families, 2021).

We refer to these cases as Policies A (100E), B
(BK21), C (SSF), D (AIP), E (No Surprises Act),
and F (CCDF). We apply the same pipeline to Poli-
cies E and F without domain-specific changes. Poli-
cies A, B, and E have two quantitative outcome
indicators, represented by ȳ

(1)
p and ȳ

(2)
p , whereas

Policies C, D, and F have one. All experiments
use only pre-implementation policy documents as
simulation input (see Appendix E for details).

4.2 Implementation Details
Baselines. We compare TIGRIS with direct zero-
shot prediction, RAG prompting, ToC-only prompt-
ing, OASIS (Yang et al., 2024), and SOTOPIA-
S4 (Zhou et al., 2025). RAG supplies relevant
spans from the same parsed policy document,
whereas ToC-only prompting uses the phased result
chain without the institutional KG. All methods re-
ceive the same policy inputs, target indicators, per-
sona pool, and scenario configuration. To test sen-
sitivity to potentially memorized policy outcomes,
we apply identifier masking to every method on
Policies B, E, and F by removing policy/program,
organization, and geographic names.

LLM Backbones. We implement TIGRIS
using three LLM backbones: DeepSeek-V4-
Flash (DeepSeek-AI, 2026), GPT-4o-mini (Ope-
nAI, 2024), and Gemini-2.0-Flash (Google Deep-
Mind, 2025). We select these recent instruction-
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Table 1: Quantitative prediction errors across the AI Talent policy domain, reported as MAPE. For policies with
multiple ground-truth outcome variables, subcolumns denote the components ȳ(1) and ȳ(2) of ȳp. The Macro Avg.
column reports the mean MAPE across all reported columns. Across all model-method configurations, the lowest
and second-lowest reported values in each column are highlighted in red and orange, respectively.

Dataset (→) AI Talent Macro Avg.
Model (↓) Method (↓) ȳ

(1)
A ȳ

(2)
A ȳ

(1)
B ȳ

(2)
B ȳC ȳD

GPT-4o-mini

Zero-shot 74.78 79.45 8.27 44.44 39.67 67.29 52.32
RAG Prompting 74.99 12.42 8.96 18.58 85.73 28.70 38.23
ToC Prompting 17.04 7.19 14.60 47.52 75.73 74.72 39.47

SOTOPIA-S4 (Zhou et al., 2025) 37.77 68.88 8.15 21.63 49.67 30.04 36.02
OASIS (Yang et al., 2024) 47.33 24.72 8.27 31.84 65.62 40.11 36.31

Ours (Fwd) 7.97 1.22 6.74 3.47 27.55 64.87 18.64
Ours (Fwd→Bwd) 38.15 34.88 7.99 14.19 76.95 59.78 38.66

Gemini-2.0-Flash

Zero-shot 87.83 94.38 8.90 80.53 38.39 70.09 63.35
RAG Prompting 17.65 22.79 8.99 27.91 68.38 28.70 29.07
ToC Prompting 25.65 46.23 12.22 40.21 25.58 28.94 29.80

SOTOPIA-S4 (Zhou et al., 2025) 44.81 54.28 10.41 84.83 68.37 54.28 52.83
OASIS (Yang et al., 2024) 72.95 83.18 9.51 57.39 78.13 28.92 55.01

Ours (Fwd) 14.99 37.83 5.76 43.68 17.17 52.60 28.67
Ours (Fwd→Bwd) 42.01 37.87 98.91 98.85 52.57 58.10 64.72

DeepSeek-V4-Flash

Zero-shot 74.35 85.21 9.46 35.00 29.92 31.40 44.22
RAG Prompting 17.65 22.79 8.27 93.06 81.35 28.68 41.97
ToC Prompting 61.96 62.53 8.30 77.70 58.39 29.77 49.77

SOTOPIA-S4 (Zhou et al., 2025) 44.82 78.21 12.57 52.02 57.03 29.09 45.62
OASIS (Yang et al., 2024) 46.17 23.68 8.92 43.30 16.80 28.70 27.93

Ours (Fwd) 31.71 36.84 1.77 3.97 35.96 33.31 23.93
Ours (Fwd→Bwd) 22.61 24.51 3.69 4.47 23.96 17.67 16.15

Table 2: Cross-domain MAPE under DeepSeek-V4-
Flash. Policy E is public health and Policy F is welfare;
Macro Avg. is the mean over the three indicators.

Dataset (→) Public Health Welfare Macro
Avg.

Method (↓) ȳ
(1)
E ȳ

(2)
E ȳF

Zero-shot 473.30 647.70 29.20 383.40
RAG Prompting 485.00 650.00 306.67 480.56
ToC Prompting 465.00 577.30 68.30 370.20

SOTOPIA-S4 377.41 511.33 8.76 299.17
OASIS 359.36 531.53 140.97 343.95

Ours (Fwd) 1.93 6.46 34.50 14.30
Ours (Fwd→Bwd) 3.84 22.21 18.10 14.72

tuned models to cover diverse model families and
cost–performance profiles for repeated scenario-
level simulations. The cross-domain and identifier-
masking experiments use DeepSeek-V4-Flash.

Chain Configurations. Building on the forward
(Fwd) and backward (Bwd) reasoning passes de-
fined in Sec. 3.2.3, we empirically compare two

Table 3: Identifier-masking sensitivity under DeepSeek-
V4-Flash. Cells report ∆MAPE = MAPEunmasked −
MAPEmasked; negative values indicate higher error af-
ter masking. Macro Avg. is the signed mean over five
indicators.

Dataset (→) AI Talent Public Health Welfare Macro
Avg.

Method (↓) ȳ
(1)
B ȳ

(2)
B ȳ

(1)
E ȳ

(2)
E ȳF

Zero-shot -0.19 14.17 -56.70 -104.60 -8.30 -31.12
RAG Prompting 0.00 12.35 -3.33 6.82 166.67 36.50
ToC Prompting 0.00 15.50 -1.70 -11.30 10.00 2.50

SOTOPIA-S4 0.11 10.37 15.34 -48.32 -2.88 -5.08
OASIS -0.54 1.09 -22.24 -19.96 6.67 -7.00

Ours (Fwd) -7.98 0.35 -4.53 3.18 0.05 -1.79
Ours (Fwd→Bwd) -4.47 1.40 -6.38 2.70 -1.80 -1.71

chain configurations: Fwd and Fwd→Bwd. These
configurations operationalize bidirectional refine-
ment, where the forward-only pass serves as the
predictive baseline and the added backward pass
tests whether downstream target estimates can re-
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Figure 3: Prediction convergence as scenario count N
increases. Lines show mean indicator MAPE; bands are
±1σ over 500 subsamples drawn without replacement.

vise upstream assumptions and stabilize the result-
ing impact pathway.

Scenario Setup. For each policy, we generate N
= 200 scenarios, each with M = 5 agents randomly
sampled from the candidate persona set Pv.

5 Results

5.1 Performance of TIGRIS (EQ1)

To answer EQ1, Table 1 compares MAPE on the
four primary policies. TIGRIS obtains the lowest
macro-average MAPE for each backbone, using
Fwd for GPT-4o-mini and Gemini-2.0-Flash and
Fwd→Bwd for DeepSeek-V4-Flash. Its strongest
gains occur on Policies A and B; performance is
less consistent on Policies C and D, whose indi-
cators reflect broader research productivity. Back-
ward refinement helps DeepSeek-V4-Flash but de-
grades the other two backbones. Across the repre-
sentative cases B, E, and F, Fwd→Bwd is the only
evaluated configuration below 20% policy-level
MAPE in all three (4.08, 13.03, and 18.10, respec-
tively), although SOTOPIA-S4 is best on Policy
F (Table 2). In the identifier-masking comparison,
its policy-averaged MAPE is higher in the masked
condition by 1.54, 1.84, and 1.80 points on B, E,
and F, respectively, while indicator-level changes
vary in direction (Table 3). Figure 3 shows that the
mean indicator MAPE becomes broadly stable and
the subsampling variance narrows as N increases
for the primary Policies A–D.

5.2 Ablation Study (EQ2)

To answer EQ2, we conduct an ablation study
on the two core components of TIGRIS, the pol-
icy knowledge graph and the ToC-guided simu-
lation. We report the component ablation under
the Fwd→Bwd chain as a representative bidirec-

This program aims to nurture young scientists in conducting creative, 
independent research. Approximately 200 fellows are selected 
annually for a 5-year period (3+2). Eligible applicants are STEM 
researchers within 7 years of receiving their PhD or under age 39, who 
are not tenure-track university faculty; only Korean nationals may 
apply during the first 3 years of the program. The fellowship is 
designed for solo research only; [...] 

Policy 
Document
(Policy C)

“As a member of the Basic Research Project Promotion Committee, I 
see the fellowship as a highly attractive opportunity for early-career 
researchers, given the stable salary and research funding. I estimate 
about 1,500 applications, reflecting strong interest but also the 
restrictive eligibility (domestic, non-tenure-track, within 7 years of PhD 
or under 39). The policy explicitly states 200 fellows selected annually
[...] as the policy allows one change per year, but most will stay due to 
stability concerns.”

TIGRIS
(Ours)

“Based on my survey of 27 K-12 schools in Seodaemun-gu, Seoul, an 
entirely different pattern emerges: the average SCI(E) papers per 
research was 0.3 in 2021, dropping 40% to 0.18 in 2022, even though 
research-data-management-system adoption in schools rose from 
67% to 89% over the same period. [...] exactly matching the drop in 
paper productivity.”

SOTOPIA
S4

“Given that each fellow is a highly productive early-career researcher, 
a conservative estimate of 3-4 SCI(E) papers per fellow per year is 
reasonable. Thus, 200 fellows × 3 papers/year yields about 600 
papers per year, but considering the [...] as well as the inclusion of 50 
additional linked fellows, I estimate an annual output of approximately 
1,200 SCI(E) papers} for the [...]”

OASIS

Figure 4: Examples of reasoning generated by TIGRIS
and the baselines on Policy C. indicates policy-
grounded statements, and indicates policy devia-
tions.

tional setting (Table 4). Relative to the baseline,
the Policy KG alone reduces error across most
indicators, while ToC alone produces uneven ef-
fects—improving some indicators but degrading
others. Their combination consistently yields the
lowest error across all reported variables, suggest-
ing that institutional grounding from Policy KG
and staged reasoning from ToC provide comple-
mentary benefits (Table 4).

Because the ablation results suggest that the Pol-
icy KG contributes to TIGRIS’s gains, we further
validate whether the extracted graphs faithfully rep-
resent document-specified institutional structure.
The validation shows that explicit institutional enti-
ties and evidence links are comparatively reliable,
whereas implicit conditions, execution constraints,
and exception clauses are harder to recover. These
findings support the Policy KG as an auditable
grounding layer for simulation, while clarifying
that it is not a fully verified formal constraint sys-
tem; full details are provided in Appendix J.

5.3 Qualitative Analysis (EQ3)

To answer EQ3, we evaluate reasoning faithful-
ness because policy impact simulation has no sin-
gle ground-truth reasoning path. On the same
randomly sampled 10% subset of Policy C used
for qualitative analysis, five annotators indepen-
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Table 4: Component ablation under DeepSeek-V4-Flash with the Fwd→Bwd chain. The Baseline row denotes the
configuration without either the Policy KG or ToC. Cells report MAPE, and the Macro Avg. column reports the
mean MAPE across all reported indicators. The lowest reported values are highlighted in red.

Method Components AI Talent Macro Avg.
Policy KG ToC ȳ

(1)
A ȳ

(2)
A ȳ

(1)
B ȳ

(2)
B ȳC ȳD

Baseline ✗ ✗ 92.32 96.25 11.00 43.83 95.09 526.50 144.17

Ours
✓ ✗ 72.44 85.38 5.49 25.24 26.30 65.20 46.68
✗ ✓ 69.24 81.63 8.58 90.54 25.30 76.58 58.65
✓ ✓ 22.61 24.51 3.69 4.47 23.96 17.67 16.15

dently assessed 60 utterances per method for ev-
idence support, hallucination, rule violation, and
coherence. TIGRIS achieved the highest evidence-
support score (1.3/2) and coherence score (4.3/5),
together with the lowest hallucination (3.3%) and
rule-violation (0.0%) rates. Appendix I reports
the full protocol, method-level results, and inter-
annotator agreement, while Figure 4 presents a
representative example from Policy C.

In contrast, the baselines exhibit two distinct
patterns of institutional inconsistency. SOTOPIA-
S4 (Zhou et al., 2025) shows statistical hallucina-
tion, fabricating unsupported statistics and arbitrary
variables that lack any basis in the policy document
or verifiable sources. OASIS (Yang et al., 2024) ex-
hibits both rule violation and population conflation,
incorrectly merging researchers from a separately
administered training program into the Policy C
beneficiary pool. A complementary case study trac-
ing this institutional grounding across the full ToC
chain is provided in Appendix G.

6 Conclusion

TIGRIS is an end-to-end framework that converts
policy documents into an IAD/IG 2.0-based knowl-
edge graph and anchors policy-grounded persona
agents to a Theory of Change for causal reason-
ing. Across four primary AI talent development
policies and three LLMs, TIGRIS achieves the low-
est macro-average MAPE while producing ratio-
nales traceable to document-derived rules and ex-
plicit causal assumptions. Additional evaluations
on U.S. public-health and welfare policies provide
initial evidence of cross-domain applicability with-
out domain-specific pipeline changes. Beyond ac-
curacy, these results suggest a path for NLP to
evolve from open-ended generation toward theory-
grounded, auditable reasoning in high-stakes in-
stitutional domains—including AI talent develop-
ment, public health, and welfare—supporting trans-
parent, stakeholder-informed pre-implementation

policy decisions.

Limitations

Our evaluation covers four AI talent development
policies from three countries and two U.S. cross-
domain cases, one in public health and one in wel-
fare, evaluated with DeepSeek-V4-Flash. These
cases provide initial evidence beyond AI talent
policy but do not establish generalizability across
domains, countries, or backbones. Backward re-
finement reduces error with DeepSeek-V4-Flash
but increases it with GPT-4o-mini and Gemini-2.0-
Flash, making it an optional, backbone-dependent
component. Future work should evaluate more poli-
cies and backbones across climate, industrial, and
education policy and compare TIGRIS with agent-
based, forecasting, and causal methods where data
permit.

Because TIGRIS relies on automatically ex-
tracted policy KGs and LLM-based reasoning,
failures to recover implicit conditions, execution
constraints, or exception clauses may propagate
through the ToC pathway, as discussed in Ap-
pendix J. Future work should assess sensitivity
to KG construction, ToC design, and simulation
assumptions. TIGRIS should therefore support,
rather than replace, policy expertise through ex-
pert review, sensitivity analysis, and transparent
uncertainty reporting.
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A Algorithmic Details

Algorithm 1 summarizes the end-to-end execution of TIGRIS.

Algorithm 1 TIGRIS
Require: Policy PDF Pp, ontology schema O, target indicators Tp, country-specific persona pool Nc(p), ToC phase set Z,

number of scenarios N , agents per scenario M , chain configuration ∆
Ensure: Target prediction ȳp and final impact report S̄p
1: procedure TIGRIS(Pp,O, Tp,Nc(p), Z,N,M,∆)

# Stage 1. Institutional Policy Knowledge Graph Construction
2: Dp ← PARSEPOLICYPDF(Pp)
3: Up ← SEGMENTDOCUMENT(Dp)
4: Vp ← ∅; Ep ← ∅; ηp ← ∅
5: for all uj ∈ Up do
6: Nj ← LLMNODEEXTRACT(uj ,O) ▷ # IAD-based nodes
7: Rj ← LLMRULEEXTRACT(uj , Vp ∪Nj ,O) ▷ # IG 2.0 rule edges
8: Vp ← Vp ∪Nj ; Ep ← Ep ∪Rj

9: ηp ← UPDATEEVIDENCE(ηp, Nj ∪Rj , uj)
10: end for
11: (Vp, Ep)← NORMALIZEANDVERIFY(Vp, Ep, ηp,O) ▷ # Embedding-based merge
12: Gp ← BUILDGRAPH(Vp, Ep, ηp)

# Stage 2. ToC-Guided Policy Impact Simulation
13: VA

p ← SELECTACTORNODES(Gp)

14: for all v ∈ VA
p do

15: Kv ← COLLECTRULECONTEXT(v,Gp, ηp)
16: Qv ← BUILDQUERY(Kv)
17: Pv ← EXTRACTPERSONA(Nc(p), Qv) ▷ # Eq. (3)
18: end for
19: Cp ← DISTILLCONTEXT(Gp) ▷ # Policy + organizational contexts
20: Φp ← BUILDCHAIN(Cp, Tp) ▷ # Eq. (4)
21: for r = 1 to N do
22: Ar ← SAMPLEAGENTS({Pv}v∈VA

p
,M)

23: X prev
r ← ∅

24: for all ordered δ ∈ ∆ do
25: X δ

r ← RUNTOCPASS(Ar, Cp,Φp, Z, δ,X prev
r )

26: X prev
r ← X δ

r

27: end for
28: X ∗

r ← X prev
r ▷ # ∗ = final pass

29: end for
30: (ȳp, S̄p)← SUMMARIZE({X ∗

r }Nr=1) ▷ # Eq. (7)
31: return ȳp, S̄p
32: end procedure

33: procedure RUNTOCPASS(A, Cp,Φp, Z, δ,X prev)
34: (z1, . . . , z5)← ORDERPHASES(Z, δ)

35: Ŝz0 ← TAILSUMMARY(X prev) ▷ # Carry-over context
36: for k = 1 to 5 do
37: for all ρi ∈ A in random order do
38: êizk ← AGENT(Cp,Φp, Ŝzk−1 , H

i
zk ; ρ

i) ▷ # Eq. (5)
39: end for
40: (x̂zk , Ŝzk )← AGGREGATE({êizk}Mi=1) ▷ # Eq. (6)
41: end for
42: return {(x̂zk , Ŝzk )}5k=1

43: end procedure
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B Prompt Templates

B.1 Node Prompt
Figure 5 and Figure 6 illustrate how the IAD-based node schema are operationalized in the prompt
templates for policy knowledge graph construction.

Figure 5

Figure 6
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B.2 Edge Prompt
Figure 7 and Figure 8 illustrate how the IG 2.0-based rule schema are operationalized in the prompt
templates for policy knowledge graph construction.

Figure 7

Figure 8

33021



C Persona Fields and Filtering Criteria

Table 5 lists the persona attribute fields used during
retrieval and agent construction. We use a com-
pact subset of the full Nemotron-Personas schema,
restricted to fields that affect institutional role.

Field Use in TIGRIS

occupation Role match against IAD posi-
tion (e.g., researcher)

education_level Eligibility filter (e.g., Doctor-
ate, Undergraduate)

age Age-based eligibility filter
country, city Match against c(p)
professional_persona Narrative background for

prompt context
skills_and_expertise Domain match (e.g.,

AI/ML/policy)
career_goals Within-role heterogeneity
sex Reported only; not used for

filtering

Table 5: Persona fields used by TIGRIS.

C.1 Scope Query Generation

For each actor node v, the stakeholder definer con-
verts the institutional context Kv into a tiered scope
query

Qv = (Qdir
v , Qpla

v , Qwk
v ), (8)

where Qdir
v , Qpla

v , and Qwk
v denote direct, plausi-

ble, and weak role-fit filters with decreasing insti-
tutional fit. Each filter is defined over Nemotron
fields, including age, education_level, occupation,
and domain fields when available. The stakeholder
definer selects filter values from the available value
lists in the country-specific Nemotron pool Nc(p),
rather than generating free-form labels.

C.2 Persona Retrieval

The tiered query is executed as SQL filters over
Nc(p). For each personal-level actor node, TIGRIS
retrieves up to 300 candidate personas. Retrieval
first applies the direct tier. If fewer than 300 can-
didates are returned, the plausible tier is applied
and appended after deduplication. If the pool is
still smaller than 300 candidates, the weak tier is
applied as the final fallback. The ordered retrieval
process is written as

Pv = Top300

(
Rdir

v ⊕Rpla
v ⊕Rwk

v

)
, (9)

where Rt
v = SQLRetrieve(Nc(p), Q

t
v) for tier t,

and ⊕ denotes ordered concatenation after dedupli-
cation.

Persona retrieval is applied to actor nodes that
are instantiated as personal-level agents. When an
organizational actor must participate in the simu-
lation, TIGRIS uses the associated institutional
position or representative role as the retrieval an-
chor.

D ToC Schema

Figure 9 illustrates the ToC schema adopted in the
TIGRIS simulation framework, encompassing In-
puts, Activities, Outputs, Outcomes, and Impacts.
The schema was implemented using the latest ex-
perimental model, DeepSeek-V4-Pro, to support
structured and consistent reasoning throughout the
simulation and evaluation process.

Inputs
Targets: 
Total Funding (SGD), Trainer Personnel Count

Discussion Points:
• What is the total financial commitment for R&D?
• How many trainers are available to guide enterprises 

and practitioners?

Activities
Targets: 
Enterprise Outreach Sessions, Training Workshops Held

Discussion Points:
• How many enterprise outreach events were organized?
• How many training workshops were conducted for the 

100E program?

Outputs
Targets: 
AI Prototypes Developed, Trainees Completed Program

Discussion Points:
• How many AI prototypes were successfully built?
• How many trainees finished the program?

Outcomes
Targets: 
Approved 100E Projects, Deployed 100E Projects

Discussion Points:
• How many 100E projects received approval?
• How many 100E projects have reached production 

development?

Impacts
Targets: 
Public AI Trust Score, AI Talent Retention Rate

Discussion Points:
• What economic values is generated by AI adoption?
• Is Singapore retaining its AI talent?

Figure 9: Examples of Theory of Change Schema built
for simulation process in Policy A.
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E Dataset Details

Policy A (100E) Policy B (BK21) Policy C (SSF) Policy D (AIP)

Country Singapore Korea Korea Japan

Operating
Body

AI Singapore (AISG), un-
der NRF Singapore.

NRF Korea, Ministry of
Education.

National Research Foun-
dation (NRF) of Korea.

RIKEN AIP and Japan
Science and Technology
Agency (JST), under
Japan’s Ministry of
Education (MEXT).

Purpose &
Mechanism

Project-based AI trans-
lation program of Sin-
gapore. University re-
searchers and AI Singa-
pore engineers work with
industry partners on real-
world AI deployment,
with co-funding up to
SGD 150,000 per project
over 6–18 months.

Graduate education
and university research-
capacity program of
Korea (“BK21 FOUR”)
supporting advanced
research teams in strate-
gic fields, including AI
and software. Reports
training-outcome and
research-collaboration in-
dicators at the university
level.

National fellowship pro-
gram of Korea support-
ing early-career STEM re-
searchers, including AI-
related postdoctoral re-
searchers, through inde-
pendent research fund-
ing. Selects approxi-
mately 200 fellows annu-
ally for a 3+2-year period.

National advanced-AI
R&D program of Japan
that develops AI, big-
data, and related research
capacity through RIKEN
and JST, supporting
frontier AI research
and high-level talent
development.

Target Pop-
ulation

Industry partners jointly
with university re-
searchers and AISG
engineers.

Graduate students and
faculty in BK21-funded
Education and Research
Groups at Korean univer-
sities.

STEM researchers within
7 years of PhD or under
age 39; excludes tenure-
track faculty; Korean na-
tionals only during the
first 3 program years.

AIP-affiliated principal
investigators, postdoc-
toral researchers, doctoral
students, and partner
institutions under MEXT.

Outcome
Indicator(s)

(1) Approved 100E
projects (cumulative).
(2) Deployed 100E
projects (cumulative).

(1) Trainee employment
rate (%).
(2) International collabo-
ration rate (%).

SCI(E)-indexed publica-
tions.

Top-conference papers.

Reporting
Period

2023. 2022. 2021–2022. April 2021 – March 2022.

Ground
Truth

(1) 115
(2) 73

(1) 82.2
(2) 36.0

721 108

Source (1) AISG 5-Year Re-
port; (2) Singapore Digi-
tal Economy Report 2024
by the Infocomm Media
Development Authority.

BK21 FOUR Annual Re-
port, Hanyang University.

NRF Performance Report
(cohort of 648 active fel-
lows).

RIKEN AIP Annual Re-
port.

Table 6: Four AI talent development policies used for evaluation. Policies A and B contribute two outcome indicators
each, denoted (1) and (2), which correspond to the components ŷ(1)p and ŷ

(2)
p .
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F Ontology Details

This section details the ontology used to construct the policy knowledge graph. It follows the schema in
Sec 3.1, where node types are derived from the Institutional Analysis and Development (IAD) framework,
edge types are derived from Institutional Grammar 2.0 (IG 2.0), and attributes store policy-specific
constraints such as eligibility, support period, activation condition, execution constraint, and source
evidence. The goal is not to build a general entity-relation graph, but to build a compact institutional rule
memory that can be referenced throughout ToC-guided simulation.

Symbol Schema part Definition in TIGRIS Stored with

TIAD IAD node vocabulary Institutional entities used to represent who acts,
what role they hold, what action or information is
relevant, and which cost or benefit is attached to
the policy.

Node type and node
attributes.

TIG IG 2.0 edge vocabulary Rule-grounded relation labels used to encode
policy actions, authority relations, definitions,
resources, and ToC pathway links.

Edge type and rule
attributes.

A Attribute schema Policy-specific values beyond labels and types,
including eligibility, amount, time period,
condition, sanction, and evidence.

Node and edge attribute
maps.

η Evidence map Source-span references that justify each extracted
node, edge, or attribute.

Extraction record and
agent context.

Table 7: Global ontology schema used by TIGRIS. The schema separates vocabulary, attributes, and evidence so that
simulation agents can reference policy rules without treating the full document as unconstrained prompt context.

F.1 IAD Node Vocabulary

Node type Definition Use in simulation

Participant Individual or organizational actor appearing in
implementation, funding, oversight, participation, or
evaluation.

Defines the actor universe. Examples
include ministries, agencies, universities,
research groups, enterprises, programme
operators, and beneficiaries.

Position Institutional role assigned to a participant. A position defines
policy authority or obligation, not demographic identity.

Primary anchor for persona construction.
Rules incident to a position become the
agent’s persistent institutional context.

Action Policy-defined behavior, administrative step, or
implementation operation.

Specifies what can occur in the policy
pathway, such as apply, submit, evaluate,
allocate, train, deploy, monitor, or report.

Information Document, criterion, metric, form, guideline, report, or
knowledge resource used during implementation.

Grounds reasoning in accessible policy
information, including evaluation criteria,
application guidelines, reporting templates,
and target indicators.

Costs and benefits Resource, cost, support package, reward, sanction, exclusion,
refund, or other consequence.

Represents budgets, grants, co-funding
caps, stipends, salary support, audits,
refunds, and participation restrictions.

Table 8: IAD-based node vocabulary. Participant and Position nodes form the actor-node subset used for persona
construction, while the remaining nodes provide the institutional context referenced across ToC phases.

F.2 IG 2.0 Rule-Edge Vocabulary

TIGRIS separates normalized edge labels from rule attributes. For regulative statements, the edge label
records the policy action, while the deontic modality is stored as an ABDICO attribute. This prevents
the graph from creating separate labels for the same action under different modalities. For example, an
actor may be required, permitted, or prohibited to submit a report; all three cases use the same normalized
action edge and differ in the stored deontic value.
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Edge class Normalized labels Stored attributes and simulation use

Regulative action Apply to; submit; conduct; receive
support; change host; report; evaluate;
select; terminate.

Stores ABDICO fields: actor, deontic, aim, object, activation
condition, execution constraint, and or-else consequence.
These edges define what an agent must, can, or cannot do.

Constitutive definition Defines as; counts as; qualifies as; has
status; has eligibility criterion; has
target metric.

Stores term scope, category, qualifying condition, indicator
definition, and source evidence. These edges resolve
policy-specific categories before simulation.

Resource and authority Governs; funds; allocates; supports;
monitors; approves; audits.

Stores authority scope, amount, currency, frequency, reporting
line, and evidence. These edges define budget flow, oversight,
accountability, and control.

Implementation
pathway

Implements; collaborates with;
produces; contributes to; requires;
depends on.

Stores ToC phase, pathway role, expected output, target
indicator, and condition. These edges link institutional actions
to Inputs, Activities, Outputs, Outcomes, and Impacts.

Table 9: IG 2.0-based edge vocabulary. Edge labels stay compact, while rule-specific information is stored as
structured attributes.

Field Name Meaning in TIGRIS Extraction constraint

A Attribute Actor or institutional position to which the rule applies. Must map to a Participant or Position node when the
source span identifies an actor or role.

D Deontic Normative modality, such as must, can, or cannot. Filled for regulative statements; left empty for purely
definitional or structural relations.

I Aim Policy action represented by the normalized edge label. Must be action-centered, such as submit, evaluate,
allocate, train, deploy, or report.

B Object Entity, document, resource, decision, or process affected by the
action.

Mapped to a node when possible; otherwise stored as a
normalized object attribute with evidence.

C-act Activation condition Conditions under which the rule becomes applicable. Captures eligibility, target population, geography, time
period, track, status, or prerequisite.

C-ex Execution constraint Conditions governing how the action must be performed once
active.

Captures deadline, frequency, amount, format, procedure,
continuation rule, or reporting requirement.

O Or else Sanction, exclusion, termination, refund, non-selection, or other
consequence.

Stored only when the source span states or directly
implies a consequence for non-compliance.

Table 10: ABDICO fields stored on rule-grounded edges. TIGRIS separates activation conditions from execution
constraints because the former define when a rule governs an actor, while the latter define how the governed actor
must act.

F.3 ABDICO Attribute Schema

F.4 Illustrative Rule Decomposition

Component Illustrative value for a fellowship eligibility rule

Source rule Early-career researchers may apply only when they satisfy the programme eligibility scope, including
degree-age conditions, appointment-status conditions, nationality or residency rules, and the announced
application period.

Edge class and label Regulative action edge: apply to.
A: Attribute Early-career researcher, represented as a Position node linked to eligible applicant participants.
D: Deontic can.
I: Aim Apply to the fellowship or programme.
B: Object Fellowship application.
C-act: Activation
condition

Applicant falls inside the stated eligibility scope when the call is active.

C-ex: Execution
constraint

Application follows the announced proposal, submission, and evaluation procedures.

O: Or else Applicants outside the eligibility scope are excluded from the eligible applicant pool.
Simulation use Restricts persona retrieval and prevents agents from treating unrelated student-training, school-level, or

organization-only actors as eligible beneficiaries.

Table 11: Illustrative ABDICO decomposition. The example shows the format of the rule memory supplied to
agents; it is not used as a substitute for the full policy document.
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F.5 Normalization and Evidence Rules
After extraction, TIGRIS applies four normalization rules. First, synonymous role labels are merged only
when they refer to the same institutional position within the same policy. Second, organization nodes are
not merged with role nodes because one organization can contain several positions with different authority,
obligation, and resource-access rules. Third, a rule edge is retained only when its actor, action, object, and
condition are supported by source evidence. Fourth, duplicate rule edges are merged by keeping the most
specific condition and aggregating evidence spans, so repeated passages do not overweight a rule during
simulation.
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G Case Study

This section provides a compact qualitative case study for Policy A, AI Singapore 100 Experiments
(100E). Rather than presenting a single cherry-picked trajectory, we compare two randomly sampled saved
scenario logs, S10 and S16. Each log contains five persona agents sampled from policy-grounded role
pools and follows the same Inputs–Activities–Outputs–Outcomes–Impacts ToC structure. The values in
Table 12 are scenario-level examples used to inspect traceability; they are not substitutes for the aggregate
predictions reported in the main experiment.

Log and
agents

Forward feasibility trace Final-chain target-pressure trace Diagnostic reading

S10: two AI
practitioners,
two AI
researchers,
and one Smart
Nation
policy-role
agent.

Inputs are stable: S$500M funding,
S$330K co-funding cap, 500K
GPU hours, and 50 trainers. The
forward path yields 40 outreach
sessions, 20 matchmaking events,
20 workshops, 35 onboarding
assists, 35 approved projects, 12
deployed projects, and 12%
enterprise adoption.

The final F-B-F-B chain raises the
required scale to 90 approved
projects, 70 deployed projects, and
30% adoption, with impact
estimates of rank 8, 3.5% AI GDP
share, trust score 65, and 70%
retention.

Conservative first-year rollout. The
same policy anchors support a
moderate forward pipeline, but the
backward pass exposes how much
more activity and deployment
would be required to satisfy
stronger outcome targets.

S16: one AI
practitioner,
three AI
researchers,
and one Smart
Nation
policy-role
agent.

Inputs remain identical: S$500M
funding, S$330K co-funding cap,
500K GPU hours, and 50 trainers.
The forward path yields 29 outreach
sessions, 14.4 matchmaking events,
19.6 workshops, 48 onboarding
assists, 80 approved projects, 50
deployed projects, and 22%
enterprise adoption.

The final F-B-F-B chain retains a
higher-output pathway: 78
approved projects, 58 deployed
projects, and 25% adoption, with
impact estimates of rank 6, 3.74%
AI GDP share, trust score 61.6, and
71.6% retention.

Higher-conversion sampled
trajectory. The institutional anchors
are unchanged, but the agents
assume a more effective translation
from enterprise engagement to
deployment; the report should still
preserve caveats about production
integration and enterprise readiness.

Table 12: Compact case-study comparison across two randomly sampled Policy A logs. F-B-F-B abbreviates the
Fwd→Bwd→Fwd→Bwd chain. The table integrates setup, ToC trace, and interpretation into one view to avoid
unnecessary subsectioning.

The comparison shows that TIGRIS makes two different sources of variation visible. Policy-derived
anchors such as funding, co-funding, compute, and trainer capacity remain stable across sampled logs.
In contrast, downstream quantities vary when agents infer conversion rates from outreach to approvals,
from approved projects to deployed projects, and from deployment to enterprise adoption. The case
study therefore illustrates the main purpose of the framework: the policy knowledge graph constrains
institutionally specified quantities, while the ToC chain exposes where causal assumptions drive the final
estimate.
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H Examples of Final Report

TIGRIS generates a final report after a simulation chain is completed. The report is not a transcript of
all agent messages; it is an audit-oriented summary containing the final-pass target estimates, the phase
pathway that produced them, and the main residual caveat. Table 13 shows compact report-style extracts
from three randomly sampled saved logs. These rows illustrate the report format only. In the main
experiment, the policy-level prediction is computed by averaging the final-pass estimates across the full
scenario pool.

Sampled report Final-pass target estimate Pathway evidence retained in the
report

Residual caveat

Policy B / S9 Graduate employment rate:
72%. International
collaboration rate: 35%.

The final backward chain links these
outcomes to 12,600 supported
graduate students, 6,400 postdoctoral
researchers, 12,000 publications, and
4,000 international conference
presentations.

Employment and collaboration
should not be interpreted as driven
by the same mechanism.
Employment is tied to training and
programme reputation, whereas
collaboration depends on stronger
co-authorship and network-building
assumptions.

Policy A / S10 Deployed 100E projects: 70.
Enterprise AI adoption rate:
30%.

The report keeps the stable input
anchors of S$500M funding, S$330K
co-funding cap, 500K GPU hours, and
50 trainers, then records that the final
chain requires 90 approved projects to
support 70 deployments.

This is a target-pressure report
rather than a purely
forward-feasible first-year estimate.
The large gap between the forward
deployment estimate and the
final-chain requirement should be
reported as deployment risk.

Policy A / S16 Deployed 100E projects: 58.
Enterprise AI adoption rate:
25%.

The final chain retains the same input
anchors but assumes a stronger
conversion pathway than S10: 78
approved projects, 58 deployed
projects, and 25% adoption, with
impact estimates of rank 6, 3.74% AI
GDP share, trust score 61.6, and
71.6% retention.

The scenario is more optimistic
than S10, but adoption remains
contingent on enterprise readiness,
integration cost, and the lag from
prototype development to
production use.

Aggregation
statement

Scenario extracts are not the
paper-level prediction.

The final policy report should state
that ŷp is obtained by averaging
final-pass estimates across all sampled
scenarios at the ToC phase mapped to
each target indicator.

Individual scenario rows are
included only to make the averaged
estimate interpretable and auditable.

Table 13: Compact examples of final-report extracts from randomly sampled scenario logs. The table combines the
numeric target estimate, the ToC pathway evidence, and the caveat that should accompany the reported value.

These examples show the intended reporting style. For Policy A, approved projects are useful as
a pipeline diagnostic, but the report foregrounds deployed 100E projects and enterprise AI adoption
because they correspond to the outcome-facing quantities in the ToC schema. For Policy B, the report
keeps graduate employment and international collaboration together while explicitly stating that the two
indicators depend on different causal mechanisms. In all cases, the final report keeps the estimate and its
caveat adjacent, so that a reader can distinguish policy-grounded constraints from assumptions inferred
during simulation.

I Human Evaluation

We conducted a systematic human evaluation on the same randomly sampled 10% subset of Policy C
used in Section 5.3. The evaluation covered 60 utterances per method, consisting of three utterances per
scenario distributed across the five ToC phases. Five annotators independently evaluated four dimensions:
evidence support (0 = unsupported, 1 = partially supported, and 2 = fully supported), hallucination
(binary), rule violation (binary), and coherence (a five-point Likert scale). We aggregated hallucination
and rule violation by majority vote and report the mean ratings for evidence support and coherence.
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Table 14: Human evaluation of reasoning quality on Policy C. Higher evidence-support and coherence scores are
better, whereas lower hallucination and rule-violation rates are better.

Method Evidence Halluc. Rule viol. Coherence
(0–2) (%) (%) (1–5)

SOTOPIA-S4 0.9 18.3 8.3 3.4
OASIS 1.0 6.7 11.7 3.9
TIGRIS (Fwd→Bwd) 1.3 3.3 0.0 4.3

Inter-annotator agreement was substantial for the two binary dimensions, with Fleiss’ κ = 0.74 for
hallucination and κ = 0.78 for rule violation. Krippendorff’s α was 0.69 for evidence support and 0.73
for coherence.

J KG Extraction Quality Evaluation

Because TIGRIS uses an automatically extracted policy knowledge graph as the institutional substrate for
persona construction and policy-impact simulation, we evaluate the intrinsic quality of the KG extraction
process. This section reports two complementary analyses. First, we characterize whether the extracted
graphs instantiate the intended IAD/IG 2.0 structure across policy documents. Second, we conduct human
validation to assess whether extracted graph elements faithfully represent the source documents.

J.1 Coverage Characterization
Coverage characterization evaluates the structural completeness of the extracted policy KGs before human
accuracy scoring. This analysis does not measure correctness; rather, it checks whether the IAD/IG 2.0
ontology is instantiated in a way that can support downstream simulation. In particular, we examine graph
scale, IAD node-family coverage, regulative-edge counts, and rule-attribute coverage among extracted
regulative edges.

Policy Chunks Nodes Edges Reg. IAD Cov.

A 88 218 280 58 5/5
B 42 96 134 37 5/5
C 6 20 59 25 5/5
D 48 110 156 29 5/5

Total 184 444 629 149 –

Table 15: Extracted KG scale and structural coverage. Reg. denotes regulative edges. IAD Cov. indicates whether
the five IAD node families used in TIGRIS are instantiated in each policy graph.

Policy D C-act C-ex O Src.

A 100.0 46.6 22.4 0.0 99.0
B 100.0 64.9 35.1 5.4 98.5
C 100.0 76.0 48.0 8.0 100.0
D 100.0 55.2 31.0 3.4 98.1

Macro Avg. 100.0 60.7 34.1 4.2 98.9

Table 16: Rule-attribute coverage among extracted regulative edges. D denotes deontic modality, C-act activation
condition, C-ex execution constraint, O or-else consequence, and Src. source evidence availability. Values are
percentages.

As shown in Table 15, all four policy graphs instantiate the IAD node families required by TIGRIS,
suggesting that the ontology can represent diverse AI talent-development policy documents. Table 16
shows a consistent rule-attribute pattern. Deontic modality is explicit in all regulative edges, whereas
activation conditions, execution constraints, and or-else consequences are less frequently observed. This
pattern is expected in policy documents: eligibility and obligation statements are often explicit, while
sanctions, exceptions, and execution constraints are frequently implicit, distributed across clauses, or
omitted from the document.
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J.2 Human Validation Protocol

We further evaluate extraction accuracy through human annotation. For short documents, we annotated all
available source chunks; for longer documents, we sampled up to 40 chunks using a stratified strategy.
The sampling covered policy goals, actor roles, eligibility conditions, resource allocation, application or
implementation procedures, evaluation criteria, reporting duties, and exceptions or restrictions.

Two annotators with backgrounds in policy analysis independently annotated institutionally relevant
spans and mapped them to the TIGRIS ontology. Disagreements were resolved through adjudication to
produce the final reference set. Table 17 summarizes the annotation sample.

Annotators identified institutionally relevant spans, assigned IAD node and IG 2.0 edge categories,
annotated text-supported ABDICO attributes, and linked each element to its minimal evidence span.

Policy Ann. Ch. Gold N. Gold E. Crit. R.

A 40 125 164 34
B 32 86 112 29
C 6 24 44 18
D 34 88 116 24

Total 112 323 436 105

Table 17: Human annotation sample for KG extraction validation. Ann. Ch. denotes annotated chunks, Gold N.
gold nodes, Gold E. gold edges, and Crit. R. critical rules.

Gold annotation units. The gold annotation contains three types of units. First, annotators identified
institutional nodes and assigned IAD-based node categories, including Participants, Positions, Actions,
Information, and Costs/Benefits. Second, annotators identified policy relations and assigned IG 2.0-based
edge categories, including regulative, constitutive, and structural relations. Third, for regulative edges,
annotators marked rule attributes corresponding to the relevant IG 2.0 components, including deontic
modality, action or aim, object, activation condition, execution constraint, and or-else consequence when
explicitly specified. Each node and edge was linked to the minimal source span supporting the extraction.

Metrics. We report node-level precision, recall, and F1; edge-level precision, recall, and F1; regulative-
rule attribute F1; evidence grounding accuracy; and critical-rule recall. A predicted node is counted as
correct when its label is semantically equivalent to a gold node and its IAD category matches. A predicted
edge is counted as correct when its source node, target node, normalized relation type, and IG 2.0 edge
category match a gold edge. Regulative-rule attribute F1 evaluates whether the extracted rule attributes
correctly capture the deontic modality, condition, constraint, and consequence information specified in
the source document. Evidence grounding accuracy measures whether the extracted graph element is
supported by the cited source span.

Critical-rule recall measures whether TIGRIS recovers rules that directly constrain agent reasoning
during simulation. We operationalize critical rules as rules satisfying at least one of the following
conditions: (i) the rule contains a binding deontic modality such as must or cannot attached to an actor-
type node; (ii) the rule specifies numerical bounds, such as funding limits, cohort caps, support periods, or
quota constraints; or (iii) the rule defines eligibility conditions that delimit beneficiary populations.

J.3 Human Validation Results

Policy Node P Node R Node F1 Edge P Edge R Edge F1

A 0.85 0.81 0.83 0.76 0.68 0.72
B 0.81 0.77 0.79 0.72 0.64 0.68
C 0.84 0.80 0.82 0.75 0.67 0.71
D 0.80 0.76 0.78 0.71 0.64 0.67

Macro Avg. 0.83 0.79 0.81 0.74 0.66 0.70

Table 18: Human validation of node and edge extraction. Macro averages are unweighted means across policies.
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Policy Rule F1 Evid. Crit. R Node κ Edge κ Deon. κ

A 0.65 0.89 0.80 0.76 0.68 0.82
B 0.61 0.86 0.76 0.74 0.67 0.80
C 0.64 0.88 0.79 0.78 0.70 0.83
D 0.60 0.85 0.75 0.72 0.65 0.78

Macro Avg. 0.63 0.87 0.78 0.75 0.68 0.81

Table 19: Validation of rule attributes, evidence grounding, critical-rule recall, and inter-annotator agreement. Rule
F1 evaluates regulative-rule attributes. Evid. denotes evidence grounding accuracy. Crit. R denotes critical-rule
recall. κ values are pre-adjudication Cohen’s κ.

Table 18 shows that TIGRIS achieves stronger performance on IAD node extraction than on IG 2.0
edge extraction. The macro-average node F1 is 0.81, indicating that the framework reliably identifies
institutionally relevant actors, roles, information objects, actions, and resources. Edge extraction is more
difficult, with a macro-average edge F1 of 0.70, because policy relations require correctly identifying not
only the two endpoints but also the relation type and the institutional condition under which the relation
applies.

Table 19 further shows that regulative-rule attributes remain the most challenging component. The
macro-average Rule F1 is 0.63, reflecting the difficulty of extracting activation conditions, execution
constraints, and or-else consequences from natural-language policy documents. Evidence grounding
accuracy is higher at 0.87, suggesting that most extracted graph elements can be traced to supporting
document spans. Critical-rule recall is 0.78, indicating that TIGRIS recovers most simulation-relevant
eligibility, obligation, prohibition, funding, and quota rules, while still leaving room for improvement in
implicit or exception-heavy policy clauses.

Overall, the validation supports the use of the extracted KG as a structured institutional reference for
downstream simulation, while also clarifying the main residual error source: TIGRIS is more reliable at
identifying institutional entities and explicit deontic rules than at recovering implicit conditions, execution
constraints, and or-else consequences.

K Artifact Use and Computational Details

TIGRIS uses publicly available policy documents, synthetic persona resources, hosted LLM backbones,
and baseline simulation systems for research evaluation. The policy documents are used only as pre-
implementation inputs for policy knowledge graph construction, while post-implementation indicators are
reserved for evaluation. The Nemotron-Personas resources are used to retrieve role-compatible synthetic
personas for actor nodes, rather than to identify or model real individuals. OASIS and SOTOPIA-S4 are
used as comparative LLM-based simulation baselines under the same parsed policy documents, target
indicators, persona pool, and scenario configuration.

All experiments are inference-only. We do not train or fine-tune any model. We use DeepSeek-V4-
Flash, GPT-4o-mini, and Gemini-2.0-Flash as hosted LLM backbones. For each policy and model-
method configuration, we run N = 200 scenarios with M = 5 agents per scenario and compare four
chain configurations when applicable. We do not perform hyperparameter search because TIGRIS is
evaluated as an inference-only simulation framework. The controlled configuration variables are the chain
configuration ∆, the number of scenarios N , and the number of agents per scenario M , which are fixed
across model-method comparisons unless otherwise stated.
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