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Abstract

As artificial intelligence systems become increasingly powerful and pervasive,
democratic societies face unprecedented challenges in governing these technolo-
gies while preserving core democratic values and institutions. This paper presents
a comprehensive framework to address the full spectrum of risks that AI poses
to democratic societies. Our approach integrates multi-stakeholder participation,
civil society engagement, and existing international governance frameworks while
introducing novel mechanisms for risk assessment and institutional adaptation.
We propose: (1) a seven-category democratic risk taxonomy extending beyond
individual-level harms to capture systemic threats, (2) a stakeholder-adaptive In-
cident Severity Score (ISS) that incorporates diverse perspectives and context-
dependent risk factors, and (3) a phased implementation strategy that acknowledges
the complex institutional changes required for effective AI governance.

1 Introduction

Language model governance remains marked by technocratic reductionism, privileging compliance-
oriented risk taxonomies and existential mitigation logics while occluding the constitutive politicality
of AI as a socio-technical infrastructure that redistributes epistemic authority and encodes normative
commitments Araujo et al. (2024). This depoliticized framing produces legitimacy deficits across both
state-centric regulatory instruments and industry self-regulation, which operationalize governance
as a problem of optimization rather than democratic authorization. Contemporary interventions,
exemplified by the European Union (2024)’s AI Act and recent U.S. executive orders, largely delimit
governance to individualized harms and discrete technical risk vectors, thereby neglecting structural
modalities through which scaled generative systems destabilize democratic legitimacy Farnadi et al.
(2024). Such systems, by virtue of their cascading and path-dependent societal effects, engender
forms of procedural erosion that elude capture by extant risk assessment methodologies, underscoring
the need for governance architectures attuned to systemic threats beyond the technical-compliance
paradigm Feng et al. (2023); Diakopoulos and Johnson (2024).

Democratic AI Governance Framework: We formalize AI governance as an optimization problem
where democratic integrity is the primary objective, not a side-constraint Cooper et al. (2024). This
formulation remedies three deficits in existing paradigms: (i) Risk Assessment: shifting from local
fairness metrics to systemic analyses of AI–democracy interactions; (ii) Legitimacy: replacing tech-
nocratic exclusivity with participatory, binding authority for civil society and affected stakeholders;
(iii) Implementation: supplying concrete institutional and procedural mechanisms that instantiate
democratic principles as operational rules rather than aspirational norms Bovens (2007); Arnstein
(1969) (For more – Follow Section 3).

∗Core Contributor

39th Conference on Neural Information Processing Systems (NeurIPS 2025)
Workshop on Algorithmic Collective Action (ACA@NeurIPS 2025).



Key Contributions: We extend AI governance literature by (i) introducing a seven-category tax-
onomy of democratic risks spanning individual exclusion to systemic fragility, (ii) formalizing a
stakeholder-adaptive Incident Severity Score (ISS) that aggregates heterogeneous utilities into mathe-
matically rigorous governance signals, (iii) proposing a four-phase, six-year implementation roadmap
transitioning from voluntary coordination to binding democratic oversight, and (iv) operational-
izing deliberative democratic theory through institutionalized co-governance, citizen panels, and
sovereignty zones.

Paper Structure: Section 2 positions our work relative to existing frameworks. Section 3 presents our
democratic risk taxonomy. Section 4 details the multi-stakeholder governance architecture. Section 5
outlines phased implementation. Section 6 covers monitoring and adaptation. The mathematical ISS
framework is detailed in the appendix, providing computational tools for operationalizing democratic
oversight. Section 7 and 8 gives a clear-cut horizon for Limitations and Future works correspondingly.
Additional technical details and responses to methodological critiques appear in Appendices.

2 Background and Related Work

Ovadya et al. (2025) demonstrates that technologies are not neutral tools but embody political values
and redistribute power within society. The work done by Jasanoff (2004) on the co-production
of science and social order shows how technological systems and political institutions mutually
constitute each other. This perspective reveals why purely technical approaches to AI governance fail
to address AI’s constitutive political effects on democratic institutions Hadfield and Bernier (2025).

Current Governance Limitations: Existing governance frameworks predominantly address
individual-level harms through fairness constraints and safety protocols Jobin et al. (2019). The
EU AI Act employs risk stratification by application domain but lacks systematic treatment of
systemic democratic effects Walters et al. (2023). Industry focused partnerships also largely prioritize
individual accountability over collective institutional impacts Pasquale (2015). While previous work
has addressed group fairness in machine learning through demographic parity and equalized odds
metrics, these approaches still operate within individual-level harm frameworks rather than addressing
structural democratic threats Fishkin (2018). Our work extends beyond both individual and group
fairness to examine AI’s impact on democratic institutions themselves.

Our Positioning: We position this work at the intersection of AI governance literature on technol-
ogy’s constitutive political effects and computational democracy research emphasizing participatory
institutional design. Our framework diverges from prevailing approaches by treating democratic
integrity as a primary optimization objective Sahoo (2025) rather than a constraint, contributing a
formal risk taxonomy that extends algorithmic governance theory through operationalizable metrics
for democratic impact assessment.

3 A Comprehensive Risk Taxonomy for Democratic Societies

Building on the domain structure of MIT AI Risk Repository (2024); Slattery et al. (2025), we
extend existing risk taxonomies to systematically address AI’s threats to democratic institutions. Our
taxonomy, derived from democratic theory and historical institutional threats, captures both direct
process-level risks and indirect institutional interactions, spanning harms from individual exclusion
to systemic collapse Bengio et al. (2025).

Discrimination & Democratic Exclusion. Beyond individual unfair treatment, AI systems
can systematically exclude entire communities from democratic participation. This includes
algorithmic discrimination in voting access, civic service delivery, and representation in
democratic processes, creating structural barriers to political equality. Hewage (2023) showed
GPT-based resume screening tools systematically exclude candidates based on linguistic
patterns associated with minority communities, institutionalizing bias at scale. Hendrycks
et al. (2023)

Privacy Erosion & Democratic Surveillance. AI-assisted surveillance enables unprece-
dented monitoring of citizen activities, communications, and political associations, potentially
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chilling free expression and opposition organizing. Das et al. (2025) This extends privacy
concerns into the realm of democratic participation rights. Agrawal (2022); Liang et al.
(2018) Curated evidence from China’s social credit system demonstrates how surveillance can
systematically constrain democratic participation by monitoring and scoring citizen behavior,
creating chilling effects on dissent and political organization. Corporate surveillance systems
in democracies create similar risks through political tracking and behavioral scoring. Future
of Life Institute (2024)

Electoral Misinformation & Discourse Degradation. Current models enable computational
propaganda, hyper-personalized misinformation campaigns, and systematic degradation of
civic discourse quality. Aparicio de Soto (2022) Unlike general misinformation, these threats
specifically target electoral processes and democratic deliberation. Bots powered by model
weights Nevo et al. (2024) can be used to conduct targeted surveys, build voter profiles, infer
political preferences from conversational data, and deliver personalized propaganda.

Democratic Manipulation & Malicious Interference. Sophisticated actors can weaponize
model weights for large-scale electoral interference, voter suppression, and systematic manip-
ulation of democratic processes. This extends beyond individual fraud to coordinated attacks
on democratic institutions. Horta Ribeiro et al. (2020) documents bot networks amplifying
divisive political content, synthetic media campaigns targeting specific voter demographics,
and automated systems designed to suppress turnout through coordinated disinformation
campaigns. Shah et al. (2025); Bullock et al. (2025)

Civic Participation & Human Agency Loss. Algorithmic curation of information en-
vironments affects civic engagement through echo-chamber reinforcement, filter-bubble
creation, and the delegation of civic decision-making to automated systems, reducing mean-
ingful human participation in democracy. Costanza-Chock (2020) Language-model–assisted
recommendation systems can promote increasingly extreme political content and create
radicalization pathways that undermine democratic discourse norms. Horta Ribeiro et al.
(2020)

Democratic Power Concentration. The capital and data requirements for advanced AI
concentrate power among a few actors, enabling democratic capture through regulatory
influence and technological dependency. Sahoo and Dutta (2024) shows how democratic
institutions can become dependent on private entities for critical functions. Foundation-
model concentration creates dependencies when governments adopt these systems for public
services, potentially delegating consequential democratic decisions to unaccountable private
entities. Reuel et al. (2024); Fisher et al. (2025)

Systemic Democratic Fragility. Complex interactions among new-era models OpenAI
et al. (2024) can produce emergent behaviors that threaten democratic stability through
cascade failures, unintended coordination effects, or systems developing goals misaligned
with democratic oversight—representing novel risks to institutional stability. Demirer et al.
(2019); Hammond et al. (2025)

4 A Multi-Stakeholder Governance Architecture

Current governance frameworks suffer from what Grek (2016) et al., identifies as the expertocracy
problem: the systematic privileging of technical expertise while relegating other epistemic contribu-
tions to symbolic consultation . This produces legitimacy deficits because different stakeholder groups
possess forms of knowledge that are non-substitutable and cannot be reduced to purely technical
metrics Caddle et al. (2025).

To address this, our framework institutionalizes seven distinct categories of expertise. Technical prac-
titioners provide feasibility assessments and capability boundaries grounded in real-world deployment
contexts. Academic researchers contribute interdisciplinary safety analysis and long-term systemic
perspectives unconstrained by immediate commercial pressures Ho et al. (2023). Democratic represen-
tatives ensure electoral legitimacy and constitutional compatibility, embedding governance processes
within democratic accountability structures. Civil society organizations offer public-interest advocacy
and long-term value-sensitive oversight von Rosing et al. (2025). Industry participants contribute
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knowledge of market dynamics, competitive pressures, and implementation costs that external regula-
tors often lack. Affected communities provide experiential evidence of algorithmic harms that cannot
be captured by audits or simulations khan2025randomnessrepresentationunreliabilityevaluating. Fi-
nally, international partners supply coordination capacity across jurisdictions and analysis of AI’s
transnational effects on democratic institutions .

We propose a graduated model of participatory governance that integrates these knowledge categories
through risk-sensitive forms of involvement Bai et al. (2022); Parthasarathy et al. (2024). In low-risk
contexts, governance may rely on enhanced consultation and transparency mechanisms such as public
comment periods and hearings. Medium-risk scenarios require structured deliberation through citizen
panels, stakeholder workshops, and anticipatory technology assessment. High-risk applications
demand binding co-governance, where stakeholder groups exercise formal decision-making authority,
including veto rights and access to appeals processes Ganeri (2019) .

5 A Phased Implementation Strategy

Comprehensive AI governance cannot be imposed immediately due to: (i) weak public salience of
systemic risks before crisis events, (ii) insufficient technical capacity in regulatory agencies, (iii)
industry resistance absent competitive incentives for compliance, and (iv) democratic legitimacy
deficits when governance precedes stakeholder engagement. Phased implementation addresses
these constraints by: building demonstration effects through visible early successes, accumulating
technical capacity through learning-by-doing, creating first-mover advantages that flip industry
incentives, and generating political coalitions through early stakeholder inclusion Bengio et al.
(2024). This approach acknowledges that the primary barrier is not technical feasibility but political
economy—institutional transformation requires coalition-building, not just framework specification
Reuel et al. (2025).

5.1 Foundation Building Phase (0-24 months)

-Establishing Constitutional Democratic AI Governance

The foundation building phase prioritizes the establishment of robust constitutional frameworks
that define clear stakeholder rights, enforcement mechanisms, and accountability structures for
effective governance Priyanshu et al. (2024). This initial phase focuses on legitimacy building
through controlled pilot deployments that test core governance hypotheses in low-risk, high-visibility
settings Chaffer et al. (2025). Specifically, municipal bodies must serve as testing grounds for political
chatbots and content moderation language models, allowing for real world validation of democratic
oversight mechanisms while minimizing systemic risks Huang et al. (2024). These pilot programs
will generate empirical evidence on stakeholder engagement effectiveness, regulatory compliance
costs, and democratic participation outcomes that will inform subsequent phases Allen et al. (2025).
The phase concludes with the codification of constitutional principles including due process rights
for affected communities, transparency requirements for algorithmic decision making, and appeals
mechanisms for automated determinations that impact democratic participation Ribeiro et al. (2025).

5.2 System Integration Phase (24-48 months)

-Transitioning to Mandatory Compliance and Risk-Based Oversight

The system integration phase marks the critical transition from voluntary industry cooperation to
mandatory regulatory compliance, with particular emphasis on high-risk applications that directly
impact democratic processes Hadfield and Clark (2023). All deployments involving automated
political advertising, synthetic news generation, or voter-targeted conversational agents will be
subject to mandatory "Incident Severity Score (ISS)" (Refer Appendix A) assessments conducted by
fully operational model safety committees with diverse stakeholder representation. These committees
will possess enforcement authority, including the power to require design modifications, impose
operational restrictions, or mandate system shutdowns for applications that exceed established risk
thresholds Zeng et al. (2024). This phase includes the development of standardized assessment
protocols, the training of qualified evaluators, and the establishment of inter-agency coordination
mechanisms to ensure consistent application of governance standards across jurisdictions Pazzaglia
et al. (2025). By the conclusion of this phase, the regulatory framework will demonstrate measurable
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effectiveness in identifying and mitigating high-risk deployments while maintaining democratic
legitimacy through transparent, participatory oversight processes.

5.3 Comprehensive Coverage Phase (48-72 months)

-Expanding Regulatory Scope Through Decentralized Democratic Oversight

This phase extends mandatory governance requirements to medium risk scenarios while adopting the
principle of subsidiarity through community based oversight mechanisms. Local community oversight
boards, composed of affected stakeholders and technical experts, will assume primary responsibility
for evaluating systems with localized impacts, such as educational content generation tools, and
community specific content moderation systems Ter-Minassian (2025). These decentralized bodies
will operate within standardized frameworks established during previous phases while retaining
authority to adapt governance approaches to local democratic values and community needs Ovadya
et al. (2025). The phase emphasizes capacity building through comprehensive training programs
for community oversight members, the development of accessible technical assessment tools,
and the establishment of resource-sharing networks between communities Ulnicane (2024).
This approach ensures that governance parameters scale democratically rather than bureaucratically,
maintaining citizen engagement and local accountability as regulatory coverage expands across the
ecosystem Reuel and Undheim (2024).

5.4 Adaptive Governance Phase (72+ months)

-Institutionalizing Continuous Democratic Learning and Innovation

This phase institutionalizes mechanisms for continuous democratic learning and governance in-
novation, ensuring that regulatory frameworks evolve alongside technological developments and
dynamic societal values Kulothungan and Gupta (2025). Governance innovation laboratories will
serve as controlled environments for testing novel oversight approaches, stakeholder engagement
mechanisms, and risk assessment methodologies before their incorporation into mainstream regu-
latory practice. These laboratories will operate through partnerships between regulatory agencies,
academic institutions, and civil society organizations, generating empirical evidence on governance
effectiveness and democratic legitimacy Zhong et al. (2025). The phase includes the establishment of
systematic processes for updating risk thresholds based on emerging evidence, regular review cycles
for stakeholder representation mechanisms, and adaptive procedures for incorporating lessons learned
from governance failures or unexpected outcomes Ahern (2025). This institutionalized learning
approach ensures that democratic AI governance remains responsive to technological change while
preserving core democratic values and maintaining public trust in regulatory institutions.

Coalition resilience underpins institutional transformation through strategic stakeholder alignment
that preempts governance capture while ensuring political sustainability Stańczak et al. (2025). This
approach mobilizes civil society organizations as advocacy coalitions, deploys public education
campaigns to build democratic legitimacy, and develops industry partnerships by framing robust
governance as market-stabilizing infrastructure. The framework addresses the “democratic deficit
problem” Azman (2011) in AI governance by creating self-reinforcing political incentives: early
adopters gain competitive advantages through public trust premiums, while compliance costs decrease
through economies of scale as participation expands, generating positive feedback loops that sustain
democratic governance against technocratic reversion Longpre et al. (2025).

6 Monitoring, Evaluation, and Adaptation

Governance should be seen as a cybernetic homeostatic system through a tripartite impact monitor-
ing protocol that continuously tracks: (1) democratic health indicators including electoral integrity
metrics and civic discourse quality measures, (2) longitudinal social-economic impact assessments
quantifying equity shifts and disparate model deployment effects on marginalized populations, and
(3) governance system performance metrics evaluating decision-making efficiency and procedural
justice (Zwitter (2024); Zaidan and Ibrahim (2024)). This multi-modal stream generates high-fidelity
real-time diagnostics that feed directly into dual-architecture adaptation mechanisms: systematic
annual threshold recalibration based on empirical outcomes, and dedicated governance innovation
labs serving as institutional sandboxes for novel oversight methodologies Salaudeen et al. (2025).
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Accountability is enforced through mandated transparency protocols including public facing dash-
boards and annual governance reports, while independent statutory oversight bodies conduct external
audits to prevent regulatory capture and ensure democratic alignment Hendrycks et al. (2025). This
architecture transforms static regulatory frameworks into evidence-based adaptive systems capable
of responding to emergent socio-technical pathologies while maintaining procedural legitimacy
Greenblatt et al. (2024); Summerfield et al. (2024).

7 Current Limitations

The stakeholder weight aggregation mechanism assumes rational behavior and may overlook power
dynamics or strategic manipulation that characterize actual democratic processes. Additionally, the
framework confronts substantial methodological constraints including cultural specificity to Western
democratic contexts that limits global applicability and resource-intensive deliberative processes that
may exceed organizational capacity. Implementation challenges include assumptions of institutional
willingness to adopt multi-stakeholder governance without addressing entrenched interests that benefit
from existing technocratic approaches, and limited enforcement mechanisms for compelling compli-
ance from powerful AI companies or state actors who may resist democratic oversight. Technical gaps
encompass unclear methodologies for identifying and legitimizing community representatives, raising
concerns about the democratic legitimacy of the stakeholders themselves, and potential inability to
capture qualitative aspects of democratic harm such as the erosion of civic trust or degradation of
deliberative norms that resist quantification.

8 Future Directions

Future work must empirically validate the ISS on documented governance failures, track democratic
health longitudinally, and adapt the framework cross-culturally to separate universal from local
principles. Methodological advances should build dynamic online learning systems with causal
inference and uncertainty quantification. Research should integrate governance innovations (hybrid
human–AI oversight, decentralized transparency, international coordination), technical extensions
(real-time monitoring, adversarial robustness, multi-modal risk assessment), and practical pathways
(municipal testbeds, industry incentives, legal integration). Theoretical development drawing on
deliberative democracy, critical power analysis, and complexity science is essential to evaluate
effectiveness, legitimacy, and scalability, ultimately testing whether multi-stakeholder AI governance
can enhance democratic resilience.

9 Conclusion

Language model governance is fundamentally a political challenge requiring democratic solutions,
not just technical ones. This framework strengthens democracy by creating new mechanisms for
participation, accountability, and transparency while providing concrete tools for implementation.
Our ISS metric offers a mathematically rigorous approach to risk assessment that incorporates
stakeholder expertise without sacrificing technical precision. The phased implementation strategy
provides realistic pathways for institutional transformation while maintaining democratic legitimacy
throughout the transition. The choices made now about language model governance will determine
whether these systems strengthen democratic discourse through improved information access or
undermine it through manipulation, misinformation, and exclusion. This framework provides tools
for ensuring AI serves democratic values rather than subverting them.

10 Social Impacts Statement

This work aims to strengthen democratic governance of language models, with several important
broader impacts to consider. The proposed governance framework could significantly reshape how
societies balance technological innovation with democratic accountability, potentially setting global
precedents for managing powerful systems.
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Appendix

A Incident Severity Score (ISS) - A Novel Metric for Governance

The ISS provides a rigorous framework for quantifying democratic risks while incorporating diverse
stakeholder perspectives. We formalize risk assessment through a learnable model that captures
complex interactions among democratic threats.

A.1 Classic Four-Factor ISS

We begin with four normalized incident attributes representing core dimensions of democratic risk
assessment:

I ∈ [0, 1] (Impact): Magnitude of democratic harm (1)
E ∈ [0, 1] (Exploitability): Ease of malicious exploitation (2)
R ∈ [0, 1] (Replicability): Potential for widespread replication (3)
X ∈ [0, 1] (Exposure): Scale of population exposure (4)

Stakeholders assign nonnegative weights {wI , wE , wR, wX} satisfying the normalization constraint:

wI + wE + wR + wX = 1, where wi ≥ 0 ∀i ∈ {I, E,R,X} (1)

This ensures stakeholder preferences form a valid probability distribution over risk dimensions.

A.1.1 Linear Aggregation

The linear ISS provides an intuitive weighted average of risk factors:

ISSlin = wI · I + wE · E + wR ·R+ wX ·X ∈ [0, 1] (2)

Properties: Additive risk combination, equal marginal contribution rates, suitable for independent
risk factors.

A.1.2 Multiplicative Aggregation

The multiplicative ISS captures risk interdependencies through geometric aggregation:

ISSmult = 1− (1− I)wI · (1− E)wE · (1−R)wR · (1−X)wX ∈ [0, 1] (3)

Properties: Superadditive risk combination, diminishing returns to individual factors, suitable for
complementary risk interactions.

Selection Criterion: Use linear aggregation when risk factors contribute independently; use multi-
plicative aggregation when factors exhibit synergistic effects amplifying overall democratic harm.

A.2 High-Dimensional, Learnable ISS

To capture complex, higher-order interactions among d risk factors, we extend to a learnable frame-
work accommodating richer democratic risk representations.

A.2.1 Risk Factor Representation

Let f = (f1, f2, . . . , fd)
T ∈ [0, 1]d represent the d-dimensional risk factor vector, where each fi

corresponds to a specific democratic risk category.

A.2.2 Parametric Model Architecture

Define the parameter set:
θ = {w ∈ Rd,W ∈ Rd×d, b ∈ R} (5)

where:
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• w: Linear coefficients capturing first-order risk effects
• W : Symmetric interaction matrix capturing pairwise risk synergies
• b: Bias term representing baseline democratic vulnerability

A.2.3 Second-Order Polynomial ISS

The high-dimensional ISS employs a second-order polynomial with sigmoid activation:

ISS(f ;θ) = hθ(f) = σ(b+wTf + fTWf) ∈ (0, 1) (4)

where σ(x) = 1
1+e−x is the sigmoid function ensuring bounded output in the open interval (0, 1),

reflecting the asymptotic nature of absolute certainty in risk assessment.

Rationale: The quadratic term fTWf captures pairwise risk interactions crucial for democratic
contexts where individual risks may amplify each other non-linearly.

A.2.4 Parameter Learning via Maximum Likelihood

Given labeled historical incidents {(f (n), y(n))}Nn=1 where y(n) ∈ [0, 1] represents continuous
severity labels (not binary), we optimize:

θ∗ = argmin
θ

[
1

N

N∑
n=1

LHuber(y
(n), hθ(f

(n))) + λ∥θ∥22

]
(5)

Corrected Loss Function: We replace binary cross-entropy with Huber loss to handle the continuous
nature of democratic risk severity:

LHuber(y, ŷ) =

{
1
2 (y − ŷ)2 if |y − ŷ| ≤ δ

δ|y − ŷ| − 1
2δ

2 otherwise
(6)

with δ = 0.1 chosen for robustness to outliers while maintaining sensitivity to precise risk gradations.

Regularization: λ = 0.01 prevents overfitting while λ∥θ∥22 encourages sparse, interpretable risk
interactions.

A.3 Embedding the Seven-Category Risk Taxonomy

A.4 Democratic Risk Categories

We map our comprehensive democratic risk framework into seven primary categories:

fdisc : Discriminatory Discourse Amplification (7)
fsurv : Surveillance and Democratic Chill (8)
felec : Electoral Process Manipulation (9)

fmanip : Public Opinion Manipulation (10)
fcivic : Civic Engagement Degradation (11)

fcapture : Regulatory and Institutional Capture (12)
femerg : Emergent Democratic Threats (13)

A.4.1 Category-Specific Risk Computation

Each category aggregates multiple sub-risk components through L2 normalization:

f = (fdisc, fsurv, felec, fmanip, fcivic, fcapture, femerg)
T (6)

Discriminatory Discourse (fdisc):

fdisc = ∥rdisc∥−1
2 · (α1 · LMbiasAmplification

+ α2 · syntheticContentBias + α3 · languageExclusion) (14)
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Surveillance Risks (fsurv):

fsurv = ∥rsurv∥−1
2 · (β1 · conversationalMonitoring

+ β2 · politicalSentimentTracking + β3 · dissentDetection) (15)

Electoral Manipulation (felec):

felec = ∥relec∥−1
2 · (γ1 · AIgeneratedPropaganda

+ γ2 · personalizedPoliticalAds + γ3 · syntheticNewsGeneration) (16)

Opinion Manipulation (fmanip):

fmanip = ∥rmanip∥−1
2 · (δ1 · conversationalManipulation

+ δ2 · LMbotAmplification + δ3 · deepfakeTextGeneration) (17)

Civic Degradation (fcivic):

fcivic = ∥rcivic∥−1
2 · (ϵ1 · AIechoAmplification

+ ϵ2 · personalizationBubbles + ϵ3 · LMradicalizationPathways) (18)

Institutional Capture (fcapture):

fcapture = ∥rcapture∥−1
2 · (ζ1 · modelConcentration

+ ζ2 · infrastructureDependence + ζ3 · providerCapture) (19)

Emergent Threats (femerg):

femerg = ∥remerg∥−1
2 · (η1 · multiLMcascadeRisk

+ η2 · goalMisalignment + η3 · emergentBehaviors) (20)

A.4.2 Parameter Specifications

Sub-component weights (α, β, γ, δ, ϵ, ζ, η) are learned through stakeholder consultation and empirical
validation:

• Equal weighting baseline: All sub-components weighted equally (1/3) initially
• Stakeholder adjustment: Weights refined through multi-stakeholder deliberation
• Empirical validation: Final weights validated against historical democratic incidents

L2 Normalization: ∥rk∥−1
2 ensures each category contributes proportionally to overall risk assess-

ment while preserving relative magnitudes within categories.

A.5 Stakeholder-Adaptive Weighting

A.5.1 Multi-Stakeholder Weight Aggregation

Each of the seven stakeholder groups k ∈ {1, 2, . . . , 7} proposes a weight vector w(k) ∈ ∆d−1

reflecting their risk prioritization.

Stakeholder Categories:

1. Democratic institutions (k = 1)
2. Civil society organizations (k = 2)
3. Regulatory bodies (k = 3)
4. Technical experts (k = 4)
5. Affected communities (k = 5)
6. Industry representatives (k = 6)
7. Academic researchers (k = 7)
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A.5.2 Utility-Based Weight Aggregation

We aggregate stakeholder preferences through utility-weighted softmax:

uk = αk · log p(θ∗ | stakeholder k) + βk · expertisek + γk · impactk (7a)

w = Softmax(u) =
(
exp(u1)

Z
, . . . ,

exp(u7)

Z

)
∈ ∆6 (7b)

where Z =
∑7

i=1 exp(ui) ensures proper normalization and w ∈ ∆6 (6-dimensional probability
simplex for 7 stakeholders).

Utility Components:

• αk · log p(θ | stakeholder k): Stakeholder-specific model likelihood
• βk · expertisek: Technical expertise weighting
• γk · impactk: Direct impact severity weighting

Parameter Values:

• αk = 1.0: Equal evidential weighting across stakeholders
• βk ∈ [0.5, 1.5]: Expertise-based adjustment factors
• γk ∈ [0.8, 2.0]: Impact-based adjustment factors (highest for affected communities)

A.6 Phase-Dependent Trigger Thresholds

A.6.1 Temporal Risk Threshold Evolution

Let S = ISS(f ;θ∗) represent the computed severity score with empirical cumulative distribution
function FS derived from historical incident data.

For each intervention level j ∈ {L,M,H} (Low, Moderate, High) and time t ∈ [0, 1] representing
progress through our six-year implementation roadmap, we define evolving thresholds:

sj(t) = (1− φ(t)) · sinit
j + φ(t) · sfull

j (8a)

αj(t) = (1− φ(t)) · αinit
j + φ(t) · αfull

j (8b)

where:

• φ(t): Smooth transition function from initial to full deployment phases
• sinit

j , sfull
j : Initial and mature-phase severity thresholds

• αinit
j , αfull

j : Initial and mature-phase probability thresholds

A.6.2 Probabilistic Trigger Mechanism

Intervention j triggers when the probability of exceeding threshold sj(t) meets the confidence
requirement:

P (S ≥ sj(t)) = 1− FS(sj(t)) ≥ αj(t) (9)

Threshold Specifications:

Low Intervention (j = L): Enhanced monitoring

• sinit
L = 0.2, sfull

L = 0.3

• αinit
L = 0.1, αfull

L = 0.15

Moderate Intervention (j = M ): Regulatory review

• sinit
M = 0.5, sfull

M = 0.6

• αinit
M = 0.05, αfull

M = 0.1

15



High Intervention (j = H): Emergency response

• sinit
H = 0.8, sfull

H = 0.75

• αinit
H = 0.01, αfull

H = 0.05

Rationale: Thresholds become more sensitive (lower sfull
j ) and require higher confidence (higher

αfull
j ) as governance systems mature, reflecting improved institutional capacity and democratic risk

awareness.

A.6.3 Transition Function

The phase transition function φ(t) ensures smooth threshold evolution:

φ(t) = 3t2 − 2t3 for t ∈ [0, 1] (10)

This S-curve provides gradual initial transition, rapid mid-phase evolution, and stabilization approach-
ing full deployment.

B Unified ISS Framework Integration

B.1 Complete Mathematical Pipeline

The complete ISS computation integrates all components:

1. Risk Assessment: Compute seven-category risk vector f using equation (6)

2. Stakeholder Weighting: Aggregate stakeholder preferences via equations (7a-7b)

3. ISS Computation: Calculate severity score using equation (4) with learned parameters θ∗

4. Threshold Evaluation: Compare against phase-dependent thresholds using equations (8-9)

5. Intervention Triggering: Activate appropriate governance responses based on probabilistic
triggers

B.2 Computational Complexity

• Training Phase: O(Nd2 +N logN) where N = training samples, d = 7 risk categories

• Inference Phase: O(d2 +K) where K = 7 stakeholder groups

• Memory Requirements: O(d2+Kd+N) for parameters, stakeholder weights, and training
data

C Summary of Mathematical Framework

• Equations (1-3): Classic four-factor ISS with linear and multiplicative aggregation options

• Equations (4-5): High-dimensional learnable ISS with second-order polynomial architec-
ture and Huber loss optimization

• Equation (6): Seven-category democratic risk taxonomy mapping with L2 normalization

• Equations (7a-7b): Multi-stakeholder weight aggregation via utility-based softmax ensuring
w ∈ ∆6

• Equations (8-10): Phase-dependent probabilistic trigger thresholds with smooth temporal
evolution

This unified ISS framework provides mathematically rigorous, democratically grounded, and compu-
tationally tractable risk assessment for language model governance, integrating stakeholder pluralism
with technical precision to enable evidence-based democratic oversight of AI systems.
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D Addressing ISS Design Choices and Limitations

D.1 On the Political Nature of Risk Quantification

creating a single numerical score from heterogeneous stakeholder input is inherently political. This is
correct and intentional. We don’t want to entertain the premise that governance frameworks should
aspire to political neutrality. As governance systems already encode political choices through their
design, deployment, and impact distribution.

Our ISS framework makes three design commitments:

Explicit rather than hidden politics: Traditional "neutral" risk assessments embed implicit political
choices (e.g., weighting individual privacy equally to corporate efficiency). Our multi-stakeholder
weighting (Eq. 7a-7b) makes these tradeoffs explicit and contestable.

Structured aggregation over ad-hoc judgment

While the polynomial structure (Eq. 4) involves design choices, it provides:

(i) mathematical consistency;
(ii) interpretable first-order (w⊤f ) and interaction (f⊤Wf ) effects;

(iii) empirical falsifiability via Huber loss optimization (Eq. 5).

Adaptive rather than fixed: The phase-dependent thresholds (Eq. 8-10) acknowledge that "appropri-
ate" risk levels evolve with institutional capacity and democratic norms.

D.2 Alternative Aggregation Functions

We selected second-order polynomials for tractability and interpretability. Alternative approaches
include:

• Rank-based methods: Median or quantile aggregation across stakeholder assessments (loses
granularity, gains robustness to outliers)

• Deliberative consensus: Iterated stakeholder negotiation (addresses legitimacy, sacrifices
scalability)

• Neural architectures: Deep networks for f → ISS mapping (gains expressiveness, loses
interpretability)

Future work should empirically compare these against our baseline using historical governance
cases.

D.3 On Quantifying Qualitative Harms

We acknowledge the difficulty of reducing democratic threats to four scalar values. We emphasize:

• The ISS provides governance signals, not comprehensive impact assessments
• Equation (6) decomposes risks into seven interpretable categories before aggregation
• High ISS scores trigger qualitative processes (stakeholder deliberation, community review)

rather than mechanical responses
• Section 6 monitoring includes democratic health indicators beyond ISS

The framework treats quantification as a necessary but insufficient governance input, not a substitute
for democratic judgment.

E Handling Stakeholder Conflicts

Conflict Resolution Protocol

When stakeholder assessments diverge significantly (variance in w(k) exceeding a predefined thresh-
old), the framework employs structured disagreement procedures:
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(i) mandatory deliberation rounds in which groups articulate the sources of their divergent risk
perceptions;

(ii) sensitivity analysis illustrating how alternative weightings affect ISS scores, thereby reveal-
ing whether disagreement is fundamental or marginal;

(iii) in cases of irreconcilable conflict, decisions default to the most protective assessment
from directly affected communities, implementing a precautionary principle that privileges
experiential knowledge over purely technical optimization.

F Retrospective Validation Strategy

The ISS framework will be validated through retrospective analysis of documented AI governance
failures including: Cambridge Analytica (2018, electoral manipulation), China’s social credit systems
(ongoing, surveillance), and content moderation failures during 2020 elections. For each case, we
will:

• reconstruct the risk vector f using contemporaneous evidence,

• compute ISS scores under different stakeholder weightings,

• assess whether appropriate thresholds would have triggered intervention, and

• compare framework recommendations against actual outcomes.

This retrospective testing will calibrate thresholds (Section A.6) and validate stakeholder weighting
procedures (Eq. 7) before prospective deployment.

G Enforcement Architecture

High-risk determinations trigger graduated enforcement mechanisms adapted from existing regulatory
frameworks. For applications exceeding moderate thresholds (ISS > 0.6), model safety committees
may: (i) require pre-deployment impact assessments with stakeholder consultation periods (15-30
days), (ii) mandate design modifications including capability restrictions or alignment interventions,
(iii) impose operational monitoring requirements with regular compliance audits, or (iv) in extreme
cases (ISS > 0.8), issue temporary deployment suspensions pending comprehensive review. En-
forcement authority derives from three sources: regulatory mandates for covered entities (Phase 2+),
contractual requirements in public procurement, and reputational mechanisms through public ISS
score disclosure. Civil society veto rights (Section 4) operate through formal objection processes
where affected communities can petition for independent review, triggering mandatory committee
reconsideration with burden of proof on deployers to demonstrate risk mitigation.

H Capacity Building Strategy

Municipal pilots (Phase 1) leverage existing institutional infrastructure to minimize incremental
resource requirements. Implementation proceeds through:

1. Shared technical infrastructure: A centralized ISS computation platform maintained at the
regional/national level eliminates per-municipality software development costs; local bodies
access it through standardized API interfaces, requiring only basic computing resources.

2. Distributed expertise networks: University partnerships provide technical evaluation
capacity through structured practicum programs in which graduate students gain governance
experience while providing pro bono risk assessments under faculty supervision—converting
educational requirements into governance capacity.

3. Tiered assessment protocols: The ISS framework stratifies evaluations by complex-
ity—routine low-risk applications proceed via automated preliminary screening (compu-
tation time: minutes); moderate-risk cases undergo streamlined stakeholder consultation
(timeline: single deliberation session); only high-risk deployments require comprehensive
multi-week assessments.
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4. Knowledge commons approach: All assessment methodologies, training materials, and
case precedents are released under open licenses, enabling later-adopting municipalities to
implement oversight at a fraction of pioneer costs through documented best practices.

By Phase 3, marginal costs for additional oversight bodies approach minimal operational expenses
(meeting coordination, administrative staff time) rather than full-cost institutional buildout, as enabling
infrastructure—technical tools, trained evaluator pools, and procedural templates—exists as public
goods.

I Some Open Problems

Despite growing work on democratic AI governance, several critical research challenges remain
unresolved. The following open problems highlight areas where conceptual clarity, methodological
innovation, and institutional design are still urgently needed.

Critical Open Problems

• Measuring democratic health: How can we operationalize and validate “demo-
cratic health” when competing theories emphasize different values (e.g., participation
vs. efficiency, representation vs. expertise)?

• Preventing capture: What mechanisms can safeguard multi-stakeholder governance
processes from domination by well-organized or well-resourced actors that risk
reproducing existing power asymmetries?

• Handling value conflict: How should the framework address fundamental disagree-
ments between stakeholder groups about core democratic values, especially when
consensus-building may entrench the status quo and block structural reforms?

• Scaling deliberation: Can deliberative processes remain legitimate and effective
when scaled from local communities to national or international arenas where direct,
face-to-face engagement is infeasible?

• Balancing expertise and participation: How do we reconcile democratic inclusion
with the technical complexity of AI systems that require specialized expertise for
effective evaluation?

• Defining community sovereignty: What boundaries should govern local decision-
making in AI oversight when outcomes have global implications or clash with
universal human rights principles?

• Addressing temporal mismatch: How can the framework mitigate the gap be-
tween rapid AI development cycles and slower democratic deliberation without
undermining either innovation or oversight?

• Evaluating outcomes: What metrics should define “success” in democratic AI
governance, and how can we assess whether multi-stakeholder oversight produces
better outcomes than existing regulatory approaches?

Points to Ponder

This policy should not be implemented in countries with a dictatorial or authoritarian ap-
proach. Such regimes typically lack the transparency, institutional checks, and civic account-
ability required for ethical AI governance. Implementing this framework in such contexts
may enable state overreach, surveillance misuse, and suppression of fundamental rights.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Both Abstract and Introduction accurately reflect the contribution and scope.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Follow the limitations Section along with Appendix.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: I wrote the ISS in Appendix and all formulae and proofs are elaborated.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [NA]
Justification:
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [NA]
Justification: This Technical AI Governance paper does not need any statistical validations.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: This policy paper follows all the ethics
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Follow social impact statement section.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: Every asset is properly credited as per the ethical bounds of both the authors.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This policy paper shows how to ethically implement an AI policy framework
in a democratic and sovereign country.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
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Justification:
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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