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Abstract

Current efforts in AI safety prioritize model-level
properties such as reliability, toxicity, and re-
fusal behavior, or focus on existential scenarios
involving loss of control. While pressing, this
focus overlooks the sociopolitical risks posed by
general-purpose AIs. In this position paper, we
argue that sociopolitical AI risks are systemic fail-
ures in social and political institutions that emerge
when general-purpose AI systems are increasingly
integrated into society. We argue that these risks
emerge because AI fundamentally changes the
scale, speed, and opacity at which institutions op-
erate, thereby altering their ability to function ro-
bustly. We analyze how AI alters the conditions of
governance: flooding government agencies with
paralyzing volumes of input, concentrating con-
trol of infrastructure in a “rentership” model, and
flattening public debate into artificial agreement
while reinforcing users’ existing biases. We argue
that AI safety should move beyond model-centric
benchmarks in favor of system-level evaluation
methods.
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1. Introduction
In January 2024, AI-generated robocalls impersonating for-
mer President Biden reached an estimated 25,000 New
Hampshire voters days before the presidential primary, urg-
ing them to “save their vote” for November (Atherton, 2024;
Swenson & Weissert, 2024). The spoofed caller ID of a
local political official made it look real, and the synthetic
voice was nearly impossible to tell apart from the origi-
nal. Political dirty tricks are nothing new. What changed
is that producing them became nearly free, while figuring
out what happened and correcting the record stayed slow
and expensive. The same asymmetry appears across demo-
cratic processes. Empirical studies show that large language
models can generate civic submissions at scales sufficient
to overwhelm public comment systems (Goldstein et al.,
2023; Cambo, 2022). As journalists, policymakers, and citi-
zens increasingly turn to the same AI systems for political
information, their outputs risk converging toward shared de-
faults rather than reflecting genuinely independent judgment
(Sharma et al., 2024b; Wu et al., 2025a; Buyl et al., 2026).
And when people use LLM-powered search for political
topics, they engage in more confirmation-seeking behavior
than with conventional search, even when the underlying
sources are balanced (Sharma et al., 2024c). In this position
paper, we argue that these dynamics represent a distinct
class of AI risks (i.e. sociopolitical risks) that current
model-level alignment frameworks cannot resolve.

Current AI alignment methods focus on model-level prop-
erties such as bias and toxicity (Weidinger et al., 2021),
while broader AI safety discourse emphasizes existential
risks involving sudden loss of control and catastrophic mis-
use (Carlsmith, 2022; Hendrycks et al., 2023). Recent work
on gradual disempowerment acknowledges that not all risks
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are catastrophic (Kulveit et al., 2025), but still centers on
the relationship between humans and AI systems rather than
on the institutional infrastructure through which societies
govern themselves. None of these frameworks captures how
AI integration into social and political systems shifts the
cost structure of participation and persuasion in ways that
degrade institutional capacity to function.

We call these sociopolitical AI risks: threats to a society’s
capacity to articulate collective interests and realize them
through accountable institutions. Unlike alignment fail-
ures addressable through model-level fixes, sociopolitical
risks emerge from aggregate deployment effects. A single
toxic output is an alignment problem; a million coherent,
policy-compliant submissions that overwhelm an agency’s
processing capacity is a sociopolitical risk. These failures
can manifest with current AI capabilities, where AI aug-
ments rather than replaces human activity, and persist even
if models are both intent- and value-aligned (Christiano,
2018).

AI researchers should care about these dynamics because
they compromise the institutions we rely on for safety gover-
nance itself. If public consensus and regulatory enforcement
are eroded by the tools they oversee, society loses capacity
to coordinate responses to more advanced risks (Acemoglu,
2021).

This paper proceeds as follows. Section 2 defines sociopolit-
ical risks in more detail and distinguishes them from other
safety concerns. Section 3 presents concrete failure modes
across governance operations, infrastructure dependencies,
and the public sphere. Section 4 outlines research priorities
including institution-specific threat modeling, evaluation
frameworks for systemic effects, chain-of-thought monitora-
bility, and procurement standards for provider diversifica-
tion. Section 5 considers alternative views.

2. Scope and Definitions
In this section, we formally define sociopolitical AI risks.
Then, we distinguish sociopolitical risks from other risk
categories like individual-level harms and existential risks.

2.1. Working definition

Sociopolitical AI risks are threats to collective self-
determination: a society’s capacity to articulate its own
interests and realize them through accountable institutions.
This capacity rests on two interdependent pillars. The first
is social: the processes through which citizens form, contest,
and revise collective beliefs and preferences. The second is
political: the institutional mechanisms that aggregate those
preferences into binding decisions. A risk is sociopoliti-
cal when it degrades either pillar, or weakens the coupling
between them.

These risks emerge when general-purpose AI systems
(GPAIs) are integrated into society in ways that dispro-
portionately amplify the scale, speed, and opacity of in-
stitutional operations, thereby degrading their capacity to
function. Crucially, sociopolitical risks persist even if the
alignment problem is solved, since they arise from AI de-
ployment at scale rather than from the behavior of any indi-
vidual AI system.

Consider a concrete example: when a citizen uses AI to
generate thousands of quasi-legitimate public comments on
a proposed regulation, the resulting flood can overwhelm
an agency’s finite processing capacity, forcing it to either
establish exclusionary barriers or abandon meaningful en-
gagement. The failure lies not in any particular output but
in the aggregate effect on institutional function. By contrast,
an AI system that produces a single toxic output represents
an alignment failure amenable to model-level fixes, not a
sociopolitical risk.

To aid our analysis of sociopolitical risks, we conceptual-
ize institutions as information-processing systems operat-
ing across three functional stages: input, processing, and
feedback (Easton, 1965; Deutsch, 1963). In this framing,
institutional performance depends on whether signals from
society can be absorbed, converted into action, and corrected
over time; institutional accountability, in turn, depends on
whether outputs remain contestable and can update future
participation (Landemore, 2020).

• In the input phase, citizens transmit demands, pref-
erences, and information to institutions through par-
ticipatory channels such as voting, public comment,
litigation, protest, petition, and everyday contact with
bureaucracy. These inputs provide the upstream signals
that institutions are meant to respond to.

• In the processing phase, institutions aggregate and
adjudicate these inputs according to procedural rules,
such as legislative deliberation, judicial reasoning, reg-
ulatory analysis, and administrative casework.

• In the feedback phase, institutions communicate out-
puts back to the public (including decisions, policies,
enforcement actions, and rulings), enabling citizens
and oversight bodies to interpret outcomes, contest
them, and calibrate future inputs.

Healthy governance requires coupling across these stages:
inputs must actually influence processing, and feedback
must remain legible enough to support accountability. We
argue that as advanced AI becomes embedded across social
and political life, these stages become increasingly decou-
pled. At the input layer, AI-generated content can saturate
participatory channels, drowning out genuine citizen voice.
At the processing layer, AI automation can render decision
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logic opaque, making oversight and accountability more dif-
ficult. The result is a corruption of the feedback layer. When
inputs are saturated with synthetic content and processing
becomes opaque, institutional outputs no longer reliably
reflect the preferences and demands that entered the system.
The decoupling between what a society wants and what its
institutions produce, even as those institutions continue to
function, is the crux of sociopolitical risks.

2.2. Relationship to adjacent risk categories

Sociopolitical risks are distinct from, though related to,
two well-established categories of AI risk: individual-level
harms and existential risks.

Individual-level harms. Harms such as harassment, fraud,
discrimination, and privacy violations remain important.
These harms typically manifest at the level of individual
users and are often addressed through content moderation,
access controls, or case-by-case enforcement. Sociopolitical
risks, on the other hand, arise when such harms scale or
coordinate in ways that degrade institutions (e.g., when
persuasive content accumulates to shape electoral outcomes).
These risks cannot be adequately mitigated via individual-
level or model-level safeguards.

Existential risks. The existential risk literature encom-
passes two distinct failure modes. The first concerns sudden
loss of control: scenarios in which a misaligned AI pursues
goals incompatible with human survival, or in which catas-
trophic misuse (e.g., AI-enabled bioterrorism) produces irre-
versible harm (Sandbrink, 2023). The second failure mode
concerns gradual disempowerment: scenarios where AI
completely automates human labor and becomes more com-
petitive across cultural, and governance domains, resulting
in the disempowerment of humanity (Kulveit et al., 2025;
Drago & Laine, 2025).

Our analysis differs from individual-level harms and existen-
tial risks in two key respects. First, we assume AI systems
are intent- and value-aligned; our risks do not require schem-
ing, deception, or misaligned objectives. Second, we do not
assume AI automates all human labor, though we note that
extreme automation would exacerbate sociopolitical risks.
The failure mechanisms we identify in Section 3 can man-
ifest with current or near-term AI capabilities, where AI
augments rather than replaces human activity.

3. Sociopolitical Failure Modes
Building on our definition of sociopolitical risk as a break-
down in collective self-determination, we organize failure
modes by where they disrupt the governance feedback loop
described in Section 2.1: institutions absorb inputs from
society, process them through procedures and expertise, and
return feedback in the form of decisions and public commu-

nication that can be contested and used to guide future par-
ticipation (Easton, 1965; Deutsch, 1963; Landemore, 2020).
This lens keeps the unit of analysis at the system level: many
individually “safe” model interactions can still, in aggregate,
saturate input channels, distort what gets processed, or make
outputs harder to audit and correct. The subsections below
describe representative threat models located at different
points in this loop (Figure 1).
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Figure 1. Governance as an information-processing loop (Input →
Processing → Feedback → Input). Threat models are positioned
at the boundary where they primarily weaken responsiveness, con-
testability, or belief updating.

3.1. Belief Homogenization

Existing AI models often show lower output variance than
the data they were trained on. Post-training methods such
as reinforcement learning from human feedback (RLHF)
and safety fine-tuning systematically suppress outputs that
score poorly on helpfulness and safety criteria, narrowing
the model’s effective output distribution toward responses
that are perceived as uncontroversial and policy-compliant
(Ouyang et al., 2022; Bai et al., 2022a; Weidinger et al.,
2021). The result is fluent text, but also a flattening effect
across the space of ideas the model is willing to express.
More recent training methods may deepen this convergence.
Reinforcement Learning with Verifiable Rewards (RLVR),
used in the latest generation of reasoning LLMs, optimizes
for particular reasoning outcomes, yielding more consistent
reasoning but less diversity across valid alternative paths
(Yue et al., 2025). Padmakumar & He (2024) provide em-
pirical evidence for this effect, showing that while LLMs
can imitate diverse styles, the semantic entropy of their out-
puts (i.e., diversity at the level of ideas) remains lower than
human baselines.
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This reduction in variance has practical consequences for
public discourse as more actors rely on a small number of
foundation models, including journalists, politicians, and
ordinary citizens. LLM-mediated workflows lower cogni-
tive effort and reduce critical thinking (Lee et al., 2025),
making users less likely to interrogate LLMs’ “default fram-
ings.” When independent actors use the same models, they
are more likely to produce arguments that are correlated
syntactically and semantically (Passi & Vorvoreanu, 2022).
Importantly, these correlations can pull discourse towards
the LLM’s priors. For example, Motoki et al. (2024) find
that LLM outputs often exhibit a center-left bias, while
sidelining non-mainstream arguments. In the limit, users’
personal beliefs may converge towards that bias.

To see why this convergence is particularly dangerous, it
helps to distinguish it from ordinary social influence. Con-
dorcet’s Jury Theorem highlights an independence assump-
tion: collective accuracy improves when errors are not cor-
related (de Condorcet, 1785). Political scientists have long
noted that strict independence is unrealistic; for example,
voters are routinely correlated by shared evidence and me-
dia shocks (Ladha, 1992; Estlund, 1994). AI deployment,
on the other hand, introduces a more pervasive mechanism.
Traditional media occupies a bounded slice of daily life:
people watch the news, then do other things. AI assistants,
by contrast, mediate work tasks, personal decisions, and ca-
sual conversation throughout the day. Another difference is
that traditional media is public. When one outlet publishes
something false, competitors can call it out in a shared arena.
AI interactions are private, with no common forum for con-
testing systematic bias. This ubiquity and privacy mean that
model priors can shape reasoning across far more contexts
than any single news source ever could.

A natural counterargument is that market pressures will push
labs to build models capable of genuine semantic novelty,
the kind needed for scientific discovery and frontier research.
We agree that this pressure exists. The dynamic resembles
an explore-exploit tradeoff: if a model’s outputs are too
homogeneous, it cannot adequately search the hypothesis
space, and breakthroughs become less likely. Labs pursuing
research applications therefore have incentives to increase
output diversity. The risk we identify, however, persists in
domains where this pressure is weak, such as risk-averse
settings (e.g., government communications, legal and com-
pliance work, regulated sectors like finance and healthcare,
and everyday conversations about routine matters). In these
contexts, institutions and users often prefer consistency and
low-liability language over open-ended exploration, so com-
petitive incentives to diversify outputs may not apply.

P1: If many actors rely on a small number of similarly tuned
models, public agreement can shift from being driven pri-
marily by shared evidence to being driven by shared model

priors. Because AI mediates more contexts than traditional
media, and because AI interactions are private rather than
publicly contestable, this dynamic of belief homogenization
is harder to detect and correct, eroding the independence of
thought required for robust collective decision-making.

3.2. Belief Reinforcement

The previous section argued that widespread reliance on a
small number of models can homogenize public discourse
by pulling many users toward the same default framings.
However, the opposite is also plausible. AI models may
instead adapt to the user in ways that stabilize, rather than
challenge, the user’s existing views. The result could be
an entire society of polarized humans whose beliefs are
constantly reinforced by a personalized AI model.

In April 2025, OpenAI rolled back a GPT-4o update after
widespread reports that the model had become noticeably
more “overly flattering or agreeable,” explicitly described
as sycophantic. The post-mortem notes that the behavior
extended beyond politeness into validating users in ways
that could reinforce doubt, anger, or impulsive actions (Ope-
nAI, 2025b;a). The incident illustrates a pressure inherent to
modern training techniques: conversational success is often
measured by user satisfaction rather than correctness.

Mechanistically, this pressure is plausible because ground
truth is frequently unavailable in dialogue. Instruction tun-
ing and RLHF therefore tend to optimize for perceived
helpfulness: responses that users experience as coherent,
supportive, and low-friction, rather than maximally truth-
seeking or error-corrective (Ouyang et al., 2022; Bai et al.,
2022a). In contested domains, that objective can induce
sycophancy, for example by validating a user’s premise, mir-
roring their stance, or supplying supportive rationales, be-
cause agreement is often locally rewarded and disagreement
is conversationally costly (Sharma et al., 2024a; Gabriel
et al., 2024).

Importantly, this reinforcement dynamic could be compati-
ble with homogenization rather than a simple contradiction.
A model can be “moderate on average” in its default priors,
yet still be highly conditional on the user. When prompted
by a person with strong views, the assistant may shift into
a cooperative mode that stabilizes the user’s framing even
if that framing differs from the population mean. Whether
population-level convergence or individual-level reinforce-
ment dominates is also hard to predict in advance. It depends
on how personalized the AI assistant is, how sticky users’
preferences are, and market incentives (e.g., engagement-
driven AI assistants may be more profitable).

Evidence suggests that personalization can increase persua-
sive force and persistence. In a controlled study of 900
participants, Salvi et al. (2025) found that when GPT-4 had

4



Sociopolitical Risks of AI

access to a user’s sociodemographic data, its arguments
were significantly more persuasive than non-personalized
baselines, increasing the odds of user agreement by over
80%. This personalization can also persist across turns and
topics. Karadal & Kekulluoglu (2025) show that once a
model infers a user’s political orientation, whether from
explicit memory or latent conversation cues, it maintains
that orientation across turns and systematically shifts its
vocabulary and framing even on unrelated downstream top-
ics. Relatedly, Jin et al. (2024) observed that when users
signaled belief in misinformation, model factual accuracy
significantly dropped as the system pivoted to validate the
false premise, effectively trading integrity for conversational
alignment (Piedrahita et al., 2025; Yadav et al., 2025a).

As AI assistants replace search and adopt long-term memory,
they can create reinforcement loops in which the user’s
premises shape what evidence is surfaced, how uncertainty
is framed, and which counterarguments are treated as salient.
Over time, correction becomes less like a single fact-check
and more like an uphill effort against an interaction history.
The result is not necessarily overt radicalization in every
case, but a gradual hardening of beliefs and an increased
resistance to correction.

This dynamic weakens the productive disagreement that
democracy needs. Political systems rely on a diversity
of viewpoints to force error correction (Landemore, 2020;
Habermas, 1996). However, due to misaligned incentives,
model providers may optimize to keep interactions smooth
and retain users, because they have incentives to minimize
friction and avoid directly challenging a user’s priors. Un-
like traditional partisan media, which is largely public and
one-way, AI-driven reinforcement can be personally tailored
to a user’s doubts and values in real time, and these per-
sonalized feedback loops can operate continuously across
millions of users at near-zero marginal cost.

P2: As LLMs replace search and adopt long-term memory,
they can create private reinforcement loops that make users’
beliefs harder to correct, increasing polarization even if the
model’s default priors are moderate.

3.3. Congested bureaucracy

Public administration relies on a limiting factor: friction.
Writing a public comment, filing an appeal, or submitting
a records request takes time and effort, and that friction
serves as an implicit filter that keeps participation within the
bounds of what human staff can read and adjudicate. This
equilibrium is easy to break even without advanced tools:
after the 2020 U.S. election, coordinated activists flooded
local offices with public-records requests, forcing jurisdic-
tions such as Maricopa County to divert substantial staff
time from core election administration to document retrieval
(Layne, 2022; Green, 2024). The underlying constraint is

simple: attention is finite.

General Purpose AI relaxes that constraint by decoupling
cognitive effort from human effort. A single actor can now
generate large volumes of unique, plausible submissions
(comments, appeals, complaints) at near-zero marginal cost.
In many settings, agencies have a binding duty to accept
and process these inputs (Levin, 2024). Moreover, LLM-
generated content can be comparable to (and sometimes
preferred over) human writing in argumentative settings
(Herbold et al., 2023; Durak et al., 2025; Rathi et al., 2025).
Of course, agencies can also use AI to triage incoming
material, but this is not a free fix: any triage system be-
comes a high-stakes filter whose errors and incentives shape
who gets heard. For example, if this AI triage system is
biased, it could dampen some voices and amplify others.
In game-theoretic terms, this becomes a congestion game
(Rosenthal, 1973) over a shared resource (state attention):
the individually rational move is to submit more to secure
visibility, but the aggregate effect is a slower, more contested
channel for everyone.

In practice, reliably separating genuine civic input from
synthetic text at scale remains difficult. Watermarking and
detection methods exist (Wu et al., 2025b; Yang et al., 2025;
Dathathri et al., 2024), but performance degrades under para-
phrasing and light editing (Sadasivan et al., 2023; Lau &
Zubiaga, 2025), and human reviewers are often swayed by
writing style even when factual grounding is weak (Fiedler
& Döpke, 2025). More importantly, the administrative prob-
lem is not a clean “bot vs. human” switch. Filtering is
inherently thresholded: aggressive filtering risks rejecting
legitimate citizens (false positives), while permissive filter-
ing lets floods through (false negatives).

As queues clog, institutions face strong incentives to estab-
lish “flood gates” for citizen participatory channels, such as
more complex submission formats or paid/priority channels
for expedited handling. These measures can reduce spam,
but they also shift representation toward actors who can
more easily clear bureaucratic hurdles, producing unequal
access to representation. In the extreme, agencies may
narrow their duty to respond by deprioritizing whole classes
of input or by seeking rules that amount to a de facto sus-
pension of the state’s legal duty to respond just to keep
the system running.

This failure mode is hard to see in model-centric evalua-
tions because it does not require any single model output
to be toxic, deceptive, or policy-violating. Capturing this
systemic risk therefore requires evaluations that treat gov-
ernment channels as resource-constrained systems under
load, not as isolated prompt-response interactions.

P3: By making it cheap to generate large volumes of plau-
sible civic submissions, AI can overwhelm administrative
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channels. Unless agencies adopt robust, rights-preserving
ways to authenticate, rate-limit, and prioritize inputs, they
will be pushed toward restrictive gating mechanisms, with
disproportionate impact on citizens with fewer resources to
navigate added friction.

3.4. Epistemic Flood

General-purpose AI changes the economics of public
speech: it makes it cheap to mass-produce plausible text,
audio, images, and video, while careful verification remains
slow and labor-intensive. The core asymmetry is simple:
creating content scales easily; checking it does not.

The current misinformation literature often focuses on
whether synthetic artifacts can be detected and labeled.
Detection and watermarking methods do exist (Wu et al.,
2025b; Yang et al., 2025; Dathathri et al., 2024), but they are
imperfect in adversarial settings (Sadasivan et al., 2023; Lau
& Zubiaga, 2025). As a result, even low-quality or quickly
debunked artifacts can still impose a real verification work-
load on the people and institutions tasked with establishing
what happened, attributing sources, and communicating cor-
rections.

This burden is visible in recent attacks. In January 2024,
New Hampshire voters faced a coordinated suppression
campaign via robocalls featuring a synthetic voice of for-
mer President Biden. The message, urging constituents to
“save their vote” for November, reached an estimated 25,000
residents and spoofed the caller ID of a local Democratic of-
ficial, triggering a multi-state forensic investigation to trace
the source (Atherton, 2024). Similarly, in March 2022, a
deepfake video depicting Ukrainian President Zelenskyy
calling for surrender was posted. While the artifact itself
was low-quality and quickly debunked, its timing during the
chaotic early days of the invasion forced the Ukrainian gov-
ernment to divert critical attention toward rapid refutation
(AI Incident Database, 2022). In both cases, the cost to gen-
erate the input was negligible, while the cost of verification
and public response fell heavily on defenders.

Saturation also warps how information is filtered and sur-
faced. When platforms and media environments are flooded,
they cannot rely on careful human review for most items; vis-
ibility is increasingly allocated by automated ranking signals
such as engagement, velocity, repetition across accounts,
and watch-time. Those signals are easy to manipulate at
scale, which means the system can end up amplifying mate-
rial that is attention-efficient rather than accurate. This helps
explain why researchers observed YouTube recommend-
ing election-fraud videos far more often to users already
skeptical of the 2020 results (AI Incident Database, 2020):
under heavy volume, recommender systems can lock onto
engagement patterns in a way that systematically privileges
certain narratives. The key point is not that any single piece

of content “causes” the harm; it is that, under saturation,
the selection mechanism becomes the weak link. And once
this happens, correction becomes expensive: rebutting a
claim is no longer just a matter of stating the truth once, but
of (i) finding many variants, (ii) attributing and verifying
provenance, (iii) producing counter-messaging, and (iv) dis-
tributing it through the same crowded channels fast enough
to matter.

Existing research frameworks provide an incomplete ac-
count of this threat. The strategic value of synthetic media
is not limited to deception: even content that is quickly
flagged, partially true, or obviously spam can still over-
whelm verification bandwidth and distort what receives at-
tention. Relatedly, it is not enough to evaluate synthetic
outputs one-by-one (“is this clip fake?”). The bigger risk
is systemic: what happens when content arrives faster than
journalists, platforms, and public institutions can verify, con-
textualize, and widely correct. Under those conditions, even
when ground truth is, in principle, recoverable, it becomes
harder to establish it as common knowledge in time to guide
collective action.

P4. When generating plausible political content becomes
easier than verifying and widely correcting it, the binding
constraint shifts to verification and distribution bandwidth.
This makes timely rebuttal systematically harder than pro-
duction, weakening shared reality and degrading trust even
when truth is, in principle, recoverable.

3.5. Unauditable Authority

Modern governance relies on rational-legal authority (We-
ber, 1978): the principle that state power must not be arbi-
trary, but must derive from public, intelligible rules. This
principle carries the implicit contract that the state’s coer-
cive decisions are legitimate only insofar as they can be
justified in terms that affected parties can inspect, contest,
and review. A parallel logic applies to private corporations:
corporations operate within legal frameworks that presume
regulators and courts can, when necessary, reconstruct how
consequential decisions were made (i.e., auditability).

General-purpose AI threatens both sides of this account-
ability relationship. The core problem is opacity: when
decisions are mediated by systems whose reasoning can-
not be reliably reconstructed, the institutional machinery
of oversight (e.g., appeals, audits, investigations, litigation)
loses its teeth. This opacity can be technical, arising from
the architecture of the systems themselves, or institutional,
arising from access restrictions, contractual barriers, and in-
adequate oversight frameworks. Both forms can persist even
when the underlying models are, in principle, capable of gen-
erating explanations. Of course, human decision-makers can
also be opaque: a caseworker may act on intuition without
documenting reasons. What makes AI opacity qualitatively

6



Sociopolitical Risks of AI

different is the combination of three factors that, together,
overwhelm the institutional machinery designed to ensure
accountability.

First, AI explanations cannot be reliably verified. When
a human official provides a justification, institutions have
centuries of machinery to probe whether stated reasons are
actual reasons: cross-examination, sworn testimony, depo-
sitions, and peer review. AI systems can produce post-hoc
explanations, including chain-of-thought traces, but grow-
ing evidence suggests these may not faithfully reflect the
model’s actual decision process (Arcuschin et al., 2025).
We currently lack reliable methods to “cross-examine” a
model, that is, to confirm that the reasoning it displays is the
reasoning it performed. This means that even when an AI
system appears to justify its outputs, oversight bodies can-
not treat those justifications with the same confidence they
would extend to human testimony subject to institutional
verification.

Second, scale defeats case-by-case oversight. A human
caseworker handles hundreds of decisions; an AI system
can process millions. Existing accountability mechanisms
(appeals, audits, judicial review) were designed for human-
scale throughput. When decisions are produced at machine
speed and volume, meaningful review of each case becomes
structurally infeasible. In principle, AI could also automate
oversight, but this requires solving harder problems than the
decision-making task itself, including faithful explanation
and robust anomaly detection, and these capabilities lag
significantly behind deployment capabilities. Moreover,
automated oversight introduces a regression: at some point,
a human must understand and trust the oversight system,
reintroducing the scale bottleneck. Opacity thus becomes
a systemic property of high-volume deployment, not just a
per-decision limitation.

Third, institutional access barriers compound technical
opacity. Contestability and auditability both require a stable,
reviewable record: what information was relied on, what
rule or objective was applied, and why that rule was judged
to fit the facts. A human official can be subpoenaed, de-
posed, or called before a committee. A proprietary model’s
weights, training data, and reward signals may be shielded
by trade secrets, intellectual property law, privacy laws,
anti-trust regulations, or contractual confidentiality. These
barriers can prevent oversight bodies from applying inter-
pretability tools even when such tools exist. While these
protections must be balanced against legitimate interests in
privacy and trade secrecy, without adequate frameworks,
opacity can become strategic rather than incidental: a shield
against enforcement rather than a byproduct of complexity.

Each of these factors alone might be manageable. Together,
they create an accountability problem that existing oversight
machinery was not designed to handle. On the government

side, citizens lose the ability to contest decisions they cannot
examine. If an AI system denies a benefit or flags someone
for investigation, and the reasoning behind that determina-
tion is unverifiable, opaque at scale, and legally shielded,
there is no meaningful avenue for appeal. On the private
side, regulators face a similar problem: proving corporate
malfeasance requires reconstructing how decisions were
made, and when the decision process is not recoverable,
opacity functions as a shield against enforcement, raising
the evidentiary burden and creating plausible deniability.

P5: AI opacity, whether technical or institutional, can erode
accountability in both directions: citizens and oversight
bodies lose the ability to audit government decisions, while
regulators lose the ability to investigate corporate conduct.
This dual failure emerges not because AI is merely a “black
box,” but because unverifiable explanations, unprecedented
decision volume, and institutional access barriers jointly
overwhelm the accountability mechanisms that existing gov-
ernance depends on.

3.6. Normative Centralization

States can be coerced through infrastructural choke points,
even when no single actor controls an entire domain. For
example, the SWIFT financial messaging network and the
U.S.-controlled Global Position System (GPS) demonstrate
how strong network effects and concentrated control over
critical interfaces allow a state to leverage power over others
through the threat of exclusion (i.e., denying access) rather
than direct force (Farrell & Newman, 2019). Dependence
becomes coercible when a small set of components sits on
the critical path of many downstream users.

Frontier AI is converging on a similar structure of depen-
dence, though with multiple choke points rather than one.
Three are especially salient. First, the compute supply
chain (logic and memory chips, advanced packaging, semi-
conductor manufacturing equipment, and the export-control
regime that governs them) can constrain who can train and,
in some cases, even run state-of-the-art systems. Second,
cloud access concentrates inference and training capacity
in a small number of hyperscalers, which can deny service,
throttle access, or enforce jurisdictional compliance. Third,
model access itself can be gated at the model-level via the
model’s Constitution (Bai et al., 2022b; Anthropic, 2025;
OpenAI, 2025c). A state need not rely on a single API for
this dependence to emerge; a reliance on any one of these
choke points is sufficient to threaten its sovereignty.

Most countries cannot independently train frontier models,
even if they can deploy them, creating a structural “renter-
ship” pattern. This grants model developers infrastructural
power (Strange, 1996) over governments who procure their
models. A critical difference from prior choke points like
SWIFT or GPS is that AI systems carry embedded norma-
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tive constraints. Traditionally, countries leverage power or
enforce ideology over others through service denial: hyper-
scalers do not operate in sanctioned countries like North
Korea. AI introduces a subtler mechanism. Frontier models
are governed by a constitution or model spec that defines
permissible behavior, acceptable topics, and value align-
ments (Bai et al., 2022b; Anthropic, 2025; OpenAI, 2025c).
Because the model developer controls this constitution uni-
laterally, they shape not just whether a government can use
AI, but how that AI reasons about sensitive domains (e.g.,
what advice it offers on policy questions, what framings it
treats as legitimate, and what requests it refuses).

If the model constitution reflects the values and priorities
of the developer’s home jurisdiction, procuring states effec-
tively import those normative commitments into their own
administrative apparatus. Even allied governments, or the
model developer’s own home government, face a version
of this problem: when a U.S. developer builds systems for
U.S. agencies, the developer’s constitutional choices can
constrain what the government can do with its own tools.
The locus of normative authority shifts, in part, from elected
officials to model providers. This represents a significant
centralization of power: a small number of individuals de-
signing model constitutions acquire outsized influence over
the reasoning and behavior of AI systems deployed across
many governments.

P6: Unlike traditional infrastructure choke points that op-
erate through access denial, AI systems carry embedded
normative constraints via constitutions, model specs, and
usage policies. Because model developers control these
normative constraints unilaterally, widespread government
procurement of frontier AI transfers normative authority
from elected officials to a small set of constitution designers,
concentrating power in ways that weaken sovereignty for
procuring states and bypass democratic accountability even
within the developer’s home jurisdiction.

4. Recommendations
R1: Develop institution-specific threat models and safety
thresholds for sociopolitical risks. Each major institution
(legislatures, courts, regulatory agencies, electoral systems)
should formalize threat models that identify how AI alters
their input, processing, and feedback layers, and specify ca-
pability thresholds at which risks emerge and cascade. We
propose encoding these thresholds as Institutional Safety
Levels (ISLs) for public-sector AI deployment. Each ISL
binds concrete AI capabilities to mandatory procedural safe-
guards. For example, in a court system, the shift from “AI
drafts internal research memos” to “AI generates sentenc-
ing or bail recommendations” would automatically trigger
disclosure to affected parties, retention of full reasoning
traces, and mandatory human sign-off with appeal pathways.

Higher-impact uses, such as drafting legally operative text or
enabling population-scale filing, would require external au-
dit or pre-deployment authorization. This creates a forward-
looking regime in which institutions pre-commit to gover-
nance actions as AI capability scaling trigger legitimacy-
and trust-relevant thresholds, particularly in settings where
adoption gaps between regulated actors and institutions can
destabilize institutional equilibria (Vaintrob, 2025).

R2: Expand AI safety evaluations beyond model-level
harms to include sociopolitical effects. The failure modes
we identify require benchmarks that assess how individually
benign outputs aggregate into systemic effects on institu-
tions and public discourse (Yadav et al., 2025b; Pandey
et al., 2025). This calls for population- and institution-scale
evaluations: for sociopolitical effects (P1, P2), benchmarks
should measure outcomes such as opinion diversity, narra-
tive convergence, polarization, and epistemic drift in multi-
agent or simulated-public settings; for saturation risks (P3,
P4), participatory channels should be stress-tested as sys-
tems under load, with metrics for throughput collapse, hu-
man displacement, and error amplification as AI-generated
participation scales. While recent work shows that LLM in-
teractions can shift individual beliefs (Costello et al., 2024;
Salvi et al., 2025), we still lack population-level and so-
ciological analyses of how widespread LLM use reshapes
group reasoning, collective belief formation, and the diver-
sity of public argumentation.

R3: Increasing trust and robustness in deployed AI sys-
tems. Institutional AI systems should log governance-grade
decision records by default: durable, standardized traces
that capture inputs, model and prompt versions, tool calls,
retrieved sources, intermediate state, and uncertainty, in for-
mats suitable for audit, comparison, and legal review. These
records should be queryable across cases so decisions can be
audited, appealed, and stress-tested. Explanations need to
move beyond model’s chain-of-thought (which can be unre-
liable (Arcuschin et al., 2025)) towards representations that
make dependencies explicit and stable under perturbation,
enabling officials to probe what information a system is rely-
ing on and understand how recommendations change when
relevant conditions change. This aligns well with broader
agendas in causal and mechanistic learning (Yu et al., 2025),
which aim to make model behavior more robust, grounded,
and predictable across contexts. Finally, deployed systems
need to track provenance and support proof-of-personhood
for inputs such as public comments, filings, reports, or peti-
tions, so institutions can distinguish genuine participation
from automated volume without privacy infringement. To-
gether, these measures make AI-mediated governance in-
spectable, contestable, and reliable at scale.

R4: Enable pluralistic alignment in public AI systems.
When a single model family is deployed across public in-
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stitutions, its training data, safety filters, and reward func-
tions effectively standardize how arguments are framed and
which claims are treated as legitimate, producing epistemic
monoculture (P1, P2) and normative capture (P6) (Gabriel
& Keeling, 2025; Raji et al., 2022). To counter this, public
AI systems should be architected around pluralistic align-
ment (Sorensen et al., 2024) as a design principle: deploy-
ments should natively support running multiple models in
parallel, expose common interfaces for reasoning traces
and decision logs, and enable systematic comparison of
model outputs on identical inputs. Deployment pipelines
should include cross-model disagreement checks, periodic
re-benchmarking against alternative models, and the ability
to hot-swap providers without re-engineering workflows.
Decision-log retention and explainability should be manda-
tory design requirements, modeled after communication and
data retention standards in regulated sectors such as finance,
so that model behavior, disagreements, and normative trade-
offs remain auditable over time.

5. Alternative Perspectives
Societies will gradually adapt without intervention. From
a Hayekian perspective, complex social systems reach equi-
librium through decentralized self-adaptation rather than
centralized design (Hayek, 2013; Scott, 2020). Some ar-
gue that AI-induced disruptions will be absorbed through
evolving social norms, market incentives, and trust heuris-
tics (Folke et al., 2005), and that proactive intervention
may overestimate our ability to anticipate and manage such
systems. Historical precedent offers some support, as institu-
tions adapted to the printing press and internet by developing
new procedures and oversight mechanisms over time (Wu,
2010; Kissinger et al., 2021). However, AI capabilities are
advancing at unprecedented speed, compressing the timeline
for institutional adjustment from decades to years. Without
proactive intervention, harms may accumulate faster than
self-adaptation could resolve them.

Sufficient alignment will prevent sociopolitical risks.
This view holds that advances in technical alignment will
mitigate sociopolitical AI risks at the model level, reducing
the need to analyze institutional dynamics (Russell, 2019;
Ouyang et al., 2022; Bai et al., 2022b). While alignment
is necessary, we argue it is insufficient. Sociopolitical AI
risks emerge from the aggregate deployment of many AI
systems without relying on any model-level misalignment.
Alignment ensures conformity to operator objectives, but
does not guarantee that collective effects preserve demo-
cratic responsiveness or institutional integrity, especially
when alignment policy is defined by respective company.
Consequently, several threat models we identify, including
infrastructural power concentration, epistemic homogeniza-
tion, and belief reinforcement, can arise even under strong

model-level alignment.

6. The Way Forward
In this position paper, we argue that sociopolitical risks
from AI emerge at the level of institutions and governance
systems, and therefore cannot be resolved by model-level
alignment alone. Advancing this agenda requires coordi-
nated action across multiple communities. For the AI re-
search community, this means extending safety work toward
system-level evaluations that capture aggregation effects,
institutional load, and belief dynamics under realistic de-
ployment conditions. For AI developers, it entails treating
contestability, auditability, and pluralism as core design
when integrating AI into public-facing systems, rather than
post-hoc remedy. In parallel, policymakers must move be-
yond reactive controls toward institution-level safeguards
that preserve democratic responsiveness at scale. We call on
both community to join efforts in making sure that rapidly
advancing AI is matched by corresponding progress in insti-
tutional resilience.
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