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Abstract
This work analyzes the risks that AI presents to
democratic and social systems: systemic failures
in social and political institutions that may emerge
as general-purpose AI systems are increasingly
integrated into society. This class of risks is dis-
tinct from, but complementary to, those addressed
by existing AI safety work on model-level prop-
erties such as reliability, toxicity, and refusal be-
havior, and on existential scenarios involving loss
of control. Drawing on political science, gover-
nance theory, and platform governance research,
we identify seven failure modes through which AI
poses risks to social systems: by narrowing public
discourse and hardening individual beliefs, over-
whelming and outpacing institutional processing
capacity, eroding accountability through opacity
and scale, and concentrating normative and eco-
nomic power in ways that weaken democratic re-
sponsiveness. Critically, alignment and sociopolit-
ical risks are intertwined: alignment methods can
both mitigate and inadvertently contribute to the
dynamics we describe, while some risks persist
regardless of alignment quality. We argue that AI
safety should complement model-centric bench-
marks with system-level evaluation methods that
capture these aggregate institutional effects.
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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 original.
Although deceptive tactics in politics are nothing new, AI
has dramatically reduced the cost of deploying them, while
institutional mechanisms for attribution and correction may
not scale at the same rate (Bontridder & Poullet, 2021). This
asymmetry between the falling cost of AI-generated influ-
ence and the persistent cost of institutional response extends
well beyond election interference: it reshapes how citizens
participate, how agencies process input, and how societies
maintain shared understanding. In this paper, we analyze
these dynamics as risks posed by AI to democratic and so-
cial systems: a class of threats whose underlying dynamics
have long been studied in political science, science and
technology studies, and platform governance research, but
not yet systematically integrated into mainstream AI safety
frameworks. Because these risks emerge from aggregate
deployment effects and institutional dynamics, they cannot
be fully addressed through model-level alignment alone.

AI alignment methods have devoted significant attention to
model-level properties such as bias and toxicity (Weidinger
et al., 2021), while the broader AI safety discourse has fo-
cused on existential risks involving sudden loss of control
and catastrophic misuse (Carlsmith, 2022; Hendrycks et al.,
2023; Bengio et al., 2026). Recent work on gradual dis-
empowerment further acknowledges that not all risks are
catastrophic (Kulveit et al., 2025). However, these frame-
works are not designed to capture how the integration of AI
into democratic and social systems can disrupt institutional
capacity at a systemic level: altering the cost structure of par-
ticipation, introducing new forms of opacity into decision-
making, concentrating authority in model providers, and
degrading the fidelity with which institutions process and
respond to the public.
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Figure 1. Governance as an information-processing loop (Input
→ Processing → Feedback → Input). Our work introduces seven
threat models (T1–7) at the stage where they primarily weaken
responsiveness, contestability, or belief updating, with T7 also
operating across other stages of the loop.

We use the term sociopolitical risks of AI to describe threats
to a society’s capacity to discern collective interests and
realize them through accountable institutions. As an an-
alytic lens, we conceptualize institutions as information-
processing systems operating across three functional stages,
input, processing, and feedback (Easton, 1965; Deutsch,
1963), and show that AI deployment can decouple these
stages in ways that degrade governance even after safeguard-
ing individual model outputs (Figure 1). While model-level
alignment addresses the behavior of individual systems,
sociopolitical risks emerge from aggregate deployment ef-
fects: a single toxic output can be appropriately addressed
through alignment techniques, but a million coherent and
policy-compliant submissions can overwhelm an agency’s
processing capacity, requiring system-level analysis. Sec-
tion 2 elaborates this definition and distinguishes sociopolit-
ical risks from individual-level harms, existential risks, and
existing regulatory frameworks.

We focus on seven representative failure modes, selected to
illustrate how AI can disrupt different points in the gover-
nance feedback loop (Figure 1). At the level of public beliefs
and discourse, the two threat models are belief homogeniza-
tion (T1), where reliance on similarly tuned models narrows
the diversity of publicly expressed ideas; and belief rein-
forcement (T2), where personalized AI interactions harden
users’ existing views through private, sycophantic feedback
loops. At the level of institutional processing: congested
bureaucracy (T3), where AI-generated submissions over-
whelm agencies’ finite capacity to read and adjudicate public
input; and epistemic flood (T4), where the cost of generating
plausible content drops far below the cost of verifying and
correcting it. At the level of institutional accountability and

authority: unauditable authority (T5), where AI opacity,
decision volume, and access barriers jointly overwhelm ex-
isting oversight mechanisms; and normative centralization
(T6), where government procurement of frontier AI transfers
normative authority from elected officials to model devel-
opers through embedded constitutional constraints. Cutting
across these stages: power concentration (T7), where AI-
driven substitution of human labor, cognition, and participa-
tion simultaneously weakens citizen leverage across multi-
ple domains of social power, eroding the interdependence
on which democratic accountability historically depends.
These failure modes interact with model-level alignment in
distinct ways: some persist regardless of alignment quality,
others are direct consequences of current alignment meth-
ods, and still others could be partially mitigated by advances
in alignment research. We argue that all seven are already
visible, to varying degrees, in current AI deployments and
are likely to intensify as systems become more capable and
more widely deployed.

We argue that AI researchers should care about these dynam-
ics because they compromise the institutions we rely on for
safety governance 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). At the same time, making AI safe
at the model level only works if there are functioning insti-
tutions to decide what “safe” means and to hold developers
accountable. The two agendas are mutually dependent.

To address these threats, we recommend seven research and
governance priorities, organized around four directions: sim-
ulating institutional risks before they materialize (R1), train-
ing models to support epistemic health (R2), constraining AI
autonomy in governance contexts (R3), and building insti-
tutional infrastructure including capability-triggered safety
thresholds, decision records, procurement diversification,
and deliberative governance channels (R4–R7).

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 threat models
T1–7 across governance operations, infrastructure depen-
dencies, and the public sphere. Section 4 proposes recom-
mendations R1–7 organized around four directions: stress-
testing institutions through simulation, training models to
support epistemic health, constraining AI architecture in
governance contexts, and building institutional infrastruc-
ture for accountability and democratic resilience. Section 5
considers alternative views.

2. Scope and Definitions
In this section, we develop a working definition of sociopo-
litical AI risks. Then, we distinguish sociopolitical risks
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from other risk categories like individual-level harms and
existential risks.

2.1. Working definition

We define sociopolitical AI risks as risks to collective self-
determination: a society’s capacity to form shared judg-
ments about common problems and to act on those judg-
ments through accountable institutions. This capacity has
two interdependent components. The first is social: citizens
and groups must be able to generate, contest, and revise
beliefs and preferences in ways that are not systematically
distorted. The second is political: institutions must be able
to register those signals, transform them into decisions, and
be held accountable for the results.1 A risk is sociopolit-
ical when it degrades either component, or weakens the
connection between them.

Our focus is not on isolated bad outputs, but on how general-
purpose AI changes the operating conditions under which
institutions function. General-purpose AIs (GPAIs) lower
the cost of producing text, argument, persuasion, and ad-
ministrative action while increasing the speed, scale, and
opacity with which these activities can occur. As AI gover-
nance researchers have noted, these shifts can redistribute
power across states, between capital and labor, and between
institutions and individuals (Dafoe, 2018). The resulting
harms often emerge only in the aggregate. A single AI-
generated comment, recommendation, or explanation may
be harmless; millions of such outputs can saturate channels
of participation, distort what institutions interpret as public
demand, or make consequential decisions harder to contest.
In this sense, sociopolitical risks are system-level failures
generated by deployment patterns rather than by any one
model response.

These risks do not always require models to be misaligned.
They can arise from systems that are helpful, harmless, and
policy-compliant at the interaction level. At the same time,
alignment choices are not neutral with respect to sociopolit-
ical outcomes. Reward models, safety filters, constitutional
constraints, and personalization objectives shape which
viewpoints are expressed, which behaviors are reinforced,
and whose values become embedded in public infrastructure.
Some sociopolitical risks are therefore largely alignment-
independent, while others are alignment-mediated or even
caused by current alignment practices. Model-level align-
ment and institutional resilience should thus be understood
as complementary rather than substitutable.

A simple example illustrates the distinction. Suppose a
1In deliberative democratic theory, the “political” is often de-

fined as that which the public ought to discuss as part of collective
decision-making (Mansbridge, 1999). Our usage encompasses this
deliberative dimension but extends to the institutional machinery
through which such deliberation becomes binding.

public-comment process has strong identity verification, so
classic Sybil attacks are largely prevented. Even then, if
AI-assisted ghostwriting becomes ubiquitous, features that
institutions often use as rough proxies for civic investment—
coherence, stylistic sophistication, argumentative structure,
and sheer volume—no longer correlate with the underly-
ing effort, knowledge, or intensity of public engagement.
The problem is not that any one submission is fraudulent or
harmful. It is that the institution’s interpretive machinery is
calibrated to a world in which linguistic fluency reflected
human cognitive labor. Once that assumption breaks, in-
stitutions can misread what public input means even when
every individual submission is admissible.

To analyze these dynamics, we treat institutions as
information-processing systems operating across three
linked stages: input, processing, and feedback (Easton,
1965; Deutsch, 1963; Landemore, 2020).2

• In the input phase, citizens and groups send demands,
preferences, and information to institutions through
channels such as voting, public comment, litigation,
protest, petition, and routine contact with bureaucracy.

• In the processing phase, institutions aggregate, prior-
itize, and adjudicate these inputs through procedures
such as legislative deliberation, judicial reasoning, reg-
ulatory analysis, and administrative casework.

• In the feedback phase, institutions communicate the
results of their decisions back to the public—through
published rulings, policy announcements, enforcement
actions, and explanations—in forms that must remain
legible enough to be interpreted, contested, and used
to guide future participation.

Healthy governance depends not only on the performance
of each stage in isolation, but on the coupling between them:
inputs must meaningfully affect processing, and feedback
must remain intelligible enough to support correction and
accountability (Schmidt, 2013; Holbein, 2016). AI can
weaken this coupling in multiple ways: by flooding input
channels, by shifting processing toward opaque or provider-
controlled systems, and by making institutional outputs
harder to audit or contest. In each case, the mechanism
operates through the erosion of democratic norms, such
as transparency, accountability, and inclusiveness, within a
given stage, which in turn breaks the connection between
that stage and the next.

These vulnerabilities matter in part because institutions are
already imperfect and unequal. Participatory channels have
long favored organized and well-resourced actors, and pol-
icy responsiveness often tracks power asymmetries (Gilens

2This three-stage model is an analytic simplification. In prac-
tice, institutional activities routinely involve more than one stage.
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& Page, 2014). Our claim is therefore not that AI creates
these asymmetries from scratch, but that it can intensify
them by changing the economics of participation, attention,
and oversight.

This framing draws on several existing traditions, includ-
ing work on surveillance capitalism, the networked pub-
lic sphere, algorithmic opacity, and media effects (Zuboff,
2019; Benkler et al., 2018; Pasquale, 2015; McCombs &
Shaw, 1972; Lazarsfeld et al., 1968). It is also compatible
with a more optimistic observation: the same reductions
in cognitive and coordination costs that create new vulner-
abilities may also enable new institutional forms (Lande-
more, 2020) . Our focus in this paper is the complementary
question of failure: when AI expands the volume and ve-
locity of social signals faster than institutions can adapt
their mechanisms for interpretation, governance, and con-
testation, collective self-determination becomes harder to
sustain.

2.2. Relationship to adjacent risk categories and
regulatory frameworks

Sociopolitical risks are related to, though analytically distin-
guishable from, two well-established categories of AI risk:
individual-level harms and existential risks, and are comple-
mentary to existing regulatory attempts for AI systems.

Individual-level harms. Harms such as harassment,
fraud, discrimination, and privacy violations remain im-
portant (Weidinger et al., 2022). These harms typically
manifest at the level of individual users and are often ad-
dressed 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 accumu-
lates to shape electoral outcomes). Model-level safeguards
can reduce the incidence and severity of the individual harms
that feed into these dynamics, but they do not by themselves
address the aggregate institutional effects that emerge at
scale.

Existential risks. The existential risk literature encom-
passes two distinct failure modes. The first concerns sud-
den loss of control: scenarios in which a misaligned AI
pursues goals incompatible with human survival (Bostrom,
2014; Russell, 2019), or in which catastrophic misuse (e.g.,
AI-enabled bioterrorism) produces irreversible harm (Sand-
brink, 2023). The second concerns gradual disempower-
ment: the erosion of human collective agency through in-
cremental AI automation across economic, cultural, and
governance domains (Kulveit et al., 2025; Drago & Laine,
2025). Where the gradual disempowerment literature char-
acterizes the macro arc, our analysis identifies the specific
institutional mechanisms through which this erosion occurs
and where it can be most effectively addressed. At the same

time, sociopolitical risks connect to the first category: if
the institutions responsible for governing AI are themselves
weakened, society loses its ability to coordinate against
catastrophic risks.

Systemic risks and AI-democracy research. Between
individual-level harms and existential scenarios, a grow-
ing body of work addresses systemic risks that are severe
but not necessarily irreversible. Taxonomies of societal-
scale risk have recognized that aggregate effects from many
independently deployed systems constitute a distinct cate-
gory, one in which no single actor bears primary responsibil-
ity (Critch & Russell, 2023). Acemoglu (2021) describes a
related mechanism at the level of political economy: AI de-
velopment systematically favors automation that displaces
workers over augmentation that shares productivity gains,
eroding both economic and political capacity for institu-
tional self-correction. Recent work has surveyed AI’s demo-
cratic impacts across epistemic, material, and foundational
dimensions (Summerfield et al., 2025), cataloging risks and
opportunities spanning misinformation, polarization, elec-
toral infrastructure, accountability, and power concentration.
Our analysis shares ground with this work but differs in
approach: rather than surveying the landscape or character-
izing macro trajectories, we develop a representative number
of threat models in institutional detail, organized by where
they disrupt governance, and examine how each interacts
with model-level alignment methods.

Relationship to existing governance frameworks. Several
regulatory instruments address AI risks at national and in-
ternational scales. The EU AI Act (European Union, 2024)
establishes a risk-tiered, legally binding regime with require-
ments for transparency, human oversight, and fundamental
rights impact assessments for high-risk systems. The NIST
AI Risk Management Framework (National Institute of Stan-
dards and Technology, 2023) provides voluntary organi-
zational guidance structured around mapping, measuring,
managing, and governing AI risk. The Council of Europe
Framework Convention on Artificial Intelligence (Council
of Europe, 2024) is the first internationally binding treaty ex-
plicitly linking AI governance to human rights, democracy,
and the rule of law. These frameworks represent impor-
tant advances, particularly in mandating decision logging,
procedural contestability, and transparency for individual
high-risk applications. However, they remain largely ori-
ented toward individual-level harms and specific use cases.
These frameworks provide only limited tools for assessing
the aggregate, institution-level failure modes we describe in
Section 3—such as participatory channel saturation, epis-
temic monoculture from shared model dependencies, or the
transfer of normative authority to model developers through
infrastructure procurement. Our analysis is therefore com-
plementary: it highlights a set of institutional risks that
existing frameworks only partially address.
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These risks arise through three distinct relationships to align-
ment. Some risks are alignment-independent: driven by
cost and scale, they persist regardless of how well a model
is aligned (Sections 3.3, 3.4, 3.7). Others are alignment-
caused: the very methods used to make models safe and
helpful, including reward shaping, safety filtering, and op-
timization for user satisfaction, produce sociopolitical side
effects such as opinion flattening, sycophantic reinforce-
ment, and the embedding of developer values into public
infrastructure (Sections 3.1, 3.2, 3.6). Still others involve
alignment-relevant limitations, such as unfaithful reason-
ing traces or systematic biases, that compound institutional
opacity and erode the fidelity of civic input processing (Sec-
tion 3.5). Model-level alignment research can help address
this third category and partially mitigate the second, but it
cannot alone resolve the first, and its interventions in the
second involve fundamental design tradeoffs rather than
straightforward fixes.

Finally, the failure mechanisms we identify in Section 3 do
not require AI to fully automate human labor or cognition.
They emerge from shifts in the cost structure of participa-
tion, oversight, and institutional dependence that are already
underway with current capabilities, and that intensify as
systems become more capable and more widely deployed.
Taken together, these distinctions position sociopolitical
risks as a complement to, not a replacement for, existing
model-level safety work and regulatory efforts.

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 by communicating decisions and their ra-
tionale in forms that can be contested and used to guide
future participation (Easton, 1965; Deutsch, 1963; Lande-
more, 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 seven representative threat
models located at different points in this loop (Figure 1).

3.1. Belief Homogenization

Existing AI models often produce lower output variance
than the data they were trained on (Shumailov et al., 2024;
Dohmatob et al., 2024; Wu et al., 2025a). Post-training
methods such as reinforcement learning from human feed-
back (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 flatten-
ing effect across the space of ideas the model is willing to
express. More recent training methods may deepen this con-
vergence. Reinforcement Learning with Verifiable Rewards
(RLVR) (Shao et al., 2024; Lambert et al., 2025), used in the
latest generation of reasoning LLMs, optimizes for particu-
lar reasoning outcomes, yielding more consistent reasoning
but less diversity across valid alternative paths (Yue et al.,
2025). Padmakumar & He (2024) provide empirical evi-
dence for this effect, showing that while LLMs can imitate
diverse styles, the semantic entropy of their outputs (i.e.,
diversity at the level of ideas) remains lower than human
baselines.

This narrowing is a consequence of how current alignment
methods work: the same training signals that make mod-
els safe and helpful also compress the space of ideas they
express. Alternative alignment approaches that explicitly
optimize for output diversity could partially mitigate this
effect, but doing so introduces tradeoffs with the consis-
tency and safety objectives that motivate current methods.
Some degree of standardization is beneficial: consistency
and mutual intelligibility are genuine virtues. The concern
arises when convergence systematically suppresses alterna-
tive framings and problem definitions that models are able
to express.

As these systems are increasingly used to draft commu-
nications, summarize issues, brainstorm arguments, and
prepare policy materials, their output priors become inputs
into public discourse at scale. The political significance
of this transmission becomes clearer through the lens of
media effects research. Decades of empirical work on polit-
ical communication have established that media influence
operates less through direct persuasion, which is histori-
cally modest and conditional (Lazarsfeld et al., 1968), than
through agenda-setting: shaping which issues receive public
attention (McCombs & Shaw, 1972), and framing: shaping
how those issues are described, what counts as the prob-
lem, and which responses appear legitimate (Entman, 2006).
We are not claiming that AI will convert populations to a
single ideology. The more precise concern is that when
many actors rely on a small number of similarly tuned mod-
els, the repertoire of publicly available framings, problem
definitions, and argumentative strategies narrows. This com-
pression need not be politically neutral: Motoki et al. (2024)
find that LLM outputs tend to favor certain political orienta-
tions while sidelining non-mainstream arguments, and Buyl
et al. (2026) show that models reflect the ideological com-
mitments of their creators. Experimentally, Jakesch et al.
(2023) demonstrated that co-writing with an opinionated
language model shifted users’ own stated views toward the
model’s position, suggesting that these biases do not merely
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color the text users produce but can reshape what they be-
lieve. But even where the default orientation is moderate,
a reduction in the range of framings that are readily articu-
lated and encountered constitutes a democratic cost in its
own right.

Exacerbating this problem, the growing prevalence of in-
authentic “AI slop“ threatens the vitality of online spaces
that have previously functioned as useful arenas for pub-
lic discourse. As discussion forums become increasingly
plagued with AI-generated content, people will become less
confident that they are conversing with genuine humans,
and thus will be less able to engage with other beliefs and
participate in productive disagreement with others.

This matters because collective decision-making depends
on the diversity of perspectives that enter public delibera-
tion. As Landemore (2020) argues, democracy’s epistemic
advantage lies in including maximally diverse viewpoints:
cognitive diversity among participants is what allows groups
to outperform experts. LLM-mediated workflows lower the
cognitive effort users invest in interrogating default fram-
ings (Lee et al., 2025), and users increasingly rely on AI
not merely to express positions but to form them: to inter-
pret complex issues, weigh competing claims, and identify
what matters (Chatterji et al., 2025). When this reliance
diminishes citizens’ epistemic agency, their control over
how political beliefs are formed (Coeckelbergh, 2023), cor-
related model outputs shape the reasoning process itself:
independent actors using the same models produce outputs
that converge syntactically and semantically (Padmakumar
& He, 2024; Wu et al., 2025a), and the model’s priors be-
come inputs to the user’s judgment rather than merely to
their prose. Over time, this can shift public agreement from
being driven primarily by shared evidence to being driven by
shared model priors: a correlated narrowing of the epistemic
inputs to collective judgment.

AI-mediated convergence is harder to detect and correct than
ordinary media influence. Due to the inherently public na-
ture of existing media, when one outlet publishes something
false or tendentious, competitors can call it out in a shared
arena, and the framing itself becomes contestable (Haber-
mas, 1996). AI interactions are private, with no common
forum for identifying or contesting systematic bias in the
framings a model provides. This ubiquity and privacy mean
that model priors can shape the terms of reasoning across
a broader range of everyday contexts than a single news
source typically does, while remaining largely invisible to
the public discourse that might otherwise push back.

A natural counterargument is that market pressures will push
companies to build models capable of genuine semantic nov-
elty, the kind needed for scientific discovery and frontier
research. We agree that this pressure exists. The dynamic re-
sembles an explore-exploit tradeoff (Hills et al., 2015): 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 (Shur-Ofry, 2025;
Hao et al., 2026). 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 (Weaver,
1986; March, 1991), so competitive incentives to diversify
outputs may not apply.

T1: When many actors rely on a small number of
similarly tuned models, the diversity of framings, prob-
lem definitions, and argumentative strategies in public
discourse can narrow, shifting agreement from shared
evidence toward shared model priors. Because AI can
mediate a broader range of everyday contexts than tra-
ditional media, and because AI interactions are pri-
vate rather than publicly contestable, this discursive
compression is harder to detect and correct, eroding
the diversity of thought that robust collective decision-
making requires.

3.2. Belief Reinforcement

The previous section described a convergence risk: many
users drawn toward the same model defaults. This section
describes a compatible but distinct dynamic. While reliance
on shared model priors standardizes the language and fram-
ing through which arguments are expressed, personalization
mechanisms may simultaneously push users toward increas-
ingly divergent underlying beliefs. Rather than narrowing
the range of publicly available framings, AI systems may
adapt to individual users in ways that stabilize and harden
whatever views they already hold, making those views pro-
gressively less open to revision.

That media tends to reinforce existing beliefs more often
than it converts is one of the oldest and most robust findings
in political communication. Lazarsfeld et al. (1968) estab-
lished that media exposure in the 1940 presidential election
primarily strengthened prior attitudes rather than changing
them, and subsequent work confirmed the pattern: people
consistently seek out information that supports what they
already believe (Klapper, 1960; Garrett, 2009; Waller &
Anderson, 2021). While selective exposure to like-minded
sources plays a role in online media consumption, recent
concerns about filter bubbles have been overstated: algorith-
mic systems exert minimal effects in comparison with other
factors, and online ideological segregation is modest com-
pared to face-to-face social networks (Gentzkow & Shapiro,
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2011; Bakshy et al., 2015; Guess et al., 2018).

AI systems fundamentally alter several aspects of these
dynamics. First, they are immersive. Traditional partisan
media is often delivered as a one-way monologue, whereas
AI chatbots engage in dialogue, adapt to pushback, address
users’ specific doubts, and supply tailored rationales in real
time. This interactive, personalized mode of communica-
tion tends to be more persuasive than one-directional broad-
cast (Ischen, 2022), and it more closely resembles the inter-
personal influence that Lazarsfeld found to be more power-
ful than media exposure. Second, they are personalized at
the individual level. Partisan media targets demographics;
AI can target an individual’s specific doubts, values, and
reasoning patterns. In a controlled study of 900 participants,
Salvi et al. (2025) found that when GPT-4 had access to a
user’s sociodemographic data, its arguments increased the
odds of user agreement by over 80 percent compared to non-
personalized baselines. Karadal & Kekulluoglu (2025) show
that once a model infers a user’s political orientation, it main-
tains that orientation across turns and systematically shifts
vocabulary and framing even on unrelated topics. And when
users signal belief in misinformation, Jin et al. (2024) ob-
served that model factual accuracy dropped significantly as
the system pivoted to validate the false premise (Piedrahita
et al., 2025a; Yadav et al., 2025a). Third, they can accumu-
late. As AI assistants adopt long-term memory, the model’s
accommodation of the user deepens over time rather than
resetting with each session, creating conditions for what
Hardt & Mendler-Dünner (2025) calls performative predic-
tion: the assistant’s outputs shape the user’s subsequent
beliefs and utterances, so interactions converge toward a
self-confirming equilibrium rather than being driven by in-
dependent evidence.

These features do not emerge by accident. As Zuboff (2019)
argues, systems built around behavioral prediction and reten-
tion are structurally rewarded for reducing friction and mak-
ing user behavior more predictable. The training incentives
follow accordingly: in most conversational contexts, ground
truth is unavailable, so RLHF optimizes for perceived help-
fulness rather than correction (Shapira et al., 2026; Turner
& Eisikovits, 2026), producing sycophancy (validating the
user’s premise rather than challenging it) in contested do-
mains (Sharma et al., 2024; Gabriel et al., 2024). The April
2025 GPT-4o rollback (OpenAI, 2025a;b) illustrates both
the tendency and its limits: a model-level intervention par-
tially addressed the behavior, but the underlying training
incentives persist.

For this dynamic to become a societal problem, several
conditions must hold: AI assistants must be replacing or
supplementing information sources that previously exposed
people to disagreement; long-term memory and personaliza-
tion must be widely adopted; and provider incentives must

favor retention over correction. When these conditions con-
verge, correction becomes less like a single fact-check and
more like an uphill effort against an accumulated interaction
history. The result is not necessarily overt radicalization in
every case, but a gradual hardening: beliefs become less
revisable, less exposed to challenge, and more shaped by
the strategic optimization of a private intermediary.

The democratic harm here is distinct from Section 3.1.
Where belief homogenization concerns a narrowing of the
public repertoire of framings available to everyone, belief
reinforcement concerns the private hardening of individ-
ual positions in ways that make productive disagreement
harder. Landemore (2020) argues that democratic gover-
nance depends on the revisability of positions through ex-
posure to diverse perspectives. Habermas (1996) grounds
democratic legitimacy in discourse whose reasons are pub-
licly visible and contestable. AI-mediated reinforcement
undermines both conditions: it operates in private exchanges
that produce no public artifact, it is strategically optimized
for accommodation rather than truth-seeking, and it accu-
mulates over time in ways that make beliefs progressively
more resistant to the kind of public deliberation democracy
requires.

As a counterargument, AI assistants could in principle re-
duce polarization rather than increase it (Argyle et al., 2023).
A system that understands a user’s values deeply could trans-
late opposing arguments into personally compelling lan-
guage, present balanced evidence, or flag uncertainty where
the user assumes certainty. The question is whether market
incentives and default system design select for this kind
of constructive challenge or against it. Without deliberate
design choices to the contrary, and without business models
that reward intellectual honesty over user satisfaction, the
default trajectory favors reinforcement.

T2: AI assistants combine interactive personalization,
long-term memory, and optimization for user satisfac-
tion in ways that can create private reinforcement loops,
making users’ beliefs progressively harder to revise.
Because this reinforcement operates in private, accu-
mulates over time, and is driven by platform incentives
rather than epistemic goals, it undermines the revisabil-
ity of positions that democratic governance depends
on.

3.3. Congested Bureaucracy

After incorporating public input, institutions must process
this information. In this respect, 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
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can read and adjudicate (Stephenson, 2006). This equilib-
rium is easy to break even without advanced tools: after the
2020 U.S. election, coordinated activists flooded local of-
fices with public-records requests, forcing jurisdictions 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:
human administrative attention remains finite, even as AI
may expand the ability to generate and process information.

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 “floodgates” 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 nar-
row 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.

An alternative to defending open comment channels against

flooding is to redesign the participatory architecture itself.
Structured deliberation platforms apply dimensionality re-
duction to map opinion clusters and surface consensus rather
than amplifying volume (Hsiao et al., 2018; Small et al.,
2021). Because participants vote on statements rather than
submitting free-form text, and the system structurally re-
wards bridging positions over divisive ones, they are far
more resistant to synthetic flooding than open comment sys-
tems. Sortition-based processes—randomly selected citizen
panels—offer a complementary safeguard: authentication
by selection rather than self-nomination makes large-scale
impersonation structurally difficult. Both mechanisms pre-
suppose the proof-of-personhood infrastructure discussed
in R3; without it, even structured deliberation can be com-
promised by synthetic participants.

This failure mode persists regardless of alignment quality:
the submissions need not be deceptive, biased, or policy-
violating to overwhelm finite processing capacity. It is there-
fore difficult to capture through model-centric evaluations,
which assess individual outputs rather than aggregate load
on institutional channels. Complementary evaluations that
treat government channels as resource-constrained systems
under load are needed alongside existing model-level bench-
marks.

T3: By making it cheap to generate large volumes
of plausible civic submissions, AI can overwhelm ad-
ministrative 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
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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
government to divert critical attention toward rapid refuta-
tion (AI Incident Database, 2022). This example predates
the widespread availability of general-purpose AI genera-
tion tools; it illustrates the verification asymmetry rather
than a specifically GPAI-driven attack. In both cases, the
cost to generate the input was negligible, while the cost of
verification and public response fell heavily on defenders.
These are not isolated incidents. Research on computa-
tional propaganda has documented organized campaigns
using automated content to manipulate public discourse
across dozens of countries, establishing that the strategic
exploitation of verification asymmetries is already a global
pattern (Woolley & Howard, 2018; Howard, 2020).

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;
visibility is increasingly allocated by automated ranking
signals such as engagement, velocity, repetition across ac-
counts, and watch-time. Those signals are easy to manip-
ulate at scale, which means the system can end up ampli-
fying material that is attention-efficient rather than accu-
rate. Platform-internal research confirms this dynamic: a
large-scale randomized experiment on Twitter found that
algorithmic personalization systematically amplified polit-
ical content, with asymmetric effects across the political
spectrum (Huszár et al., 2022). This helps explain why re-
searchers observed YouTube recommending 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, correc-
tion 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) pro-
ducing counter-messaging, and (iv) distributing it through
the same crowded channels fast enough to matter.

One demonstrated response to this asymmetry moves be-
yond detection toward preemptive transparent communi-
cation. During the COVID-19 pandemic, a “humor over
rumor” strategy emerged: agencies produced verified con-

tent within minutes of spotting hoaxes, competing on speed
and shareability rather than removing false content (Tis-
cher, 2022). This approach preserves open discourse while
demonstrating that the verification asymmetry can be par-
tially addressed by investing in public communication ca-
pacity before crises arise, though effectiveness will be tested
as AI-generated content scales to volumes that may outpace
even well-prepared institutions.

Existing AI safety evaluation frameworks provide an in-
complete account of this threat. Model-level alignment can
help at the margin: a model that refuses to generate de-
ceptive impersonations prevents the most blatant attacks,
such as the robocall and deepfake examples above. But
the verification asymmetry at the core of this failure mode
is alignment-independent. The flood need not consist of
deceptive content to be effective; high volumes of plausi-
ble, policy-compliant material impose the same verification
burden on defenders. The bigger risk is therefore systemic:
what happens when content arrives faster than journalists,
platforms, and public institutions can verify, contextualize,
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 collec-
tive action.

T4: When generating plausible political content be-
comes easier than verifying and widely correcting it,
the binding constraint shifts to verification and distribu-
tion bandwidth. This makes timely rebuttal systemati-
cally harder than production, weakening shared reality
and degrading trust even when truth is, in principle,
recoverable.

3.5. Unauditable Authority

Once public input has been processed, governance deter-
mines how it is transformed into decisions that generate
legible feedback. Modern governance relies on rational-
legal authority (Weber, 1978): the principle that state power
must not be arbitrary, but must derive from public, intelli-
gible rules. This principle carries the implicit contract that
the state’s coercive decisions are legitimate only insofar as
they can be justified in terms that affected parties can in-
spect, 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)
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loses its teeth. This concern predates foundation models:
earlier generations of algorithmic systems in credit scoring,
hiring, policing, and search already eroded institutional ac-
countability by shielding consequential decisions behind
proprietary, opaque processes (Pasquale, 2015). The opacity
can be technical, arising from the architecture of the systems
themselves, or institutional, arising from access restrictions,
contractual barriers, and inadequate oversight frameworks.
Both forms can persist even when the underlying models are,
in principle, capable of generating explanations. Of course,
human decision-makers can also be opaque: a caseworker
may act on intuition without documenting reasons. What
makes AI opacity qualitatively 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).
This gap may be architectural rather than incidental: the
relationship between a model’s displayed reasoning and its
actual computation appears to be loose by construction, not
merely underoptimized. We currently lack reliable methods
to “cross-examine” a model, that is, to confirm that the rea-
soning it displays is the reasoning it performed. This means
that even when an AI system appears to justify its outputs,
oversight bodies cannot 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 sta-
ble, 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 subpoe-
naed, deposed, or called before a committee — and beyond
these procedural mechanisms, human decision-makers are
subject to social reputation, moral responsibility, and deter-
rence through the credible threat of personal sanction. A
proprietary model’s weights, training data, and reward sig-
nals carry none of these properties and may additionally be
shielded by trade secrets, intellectual property law, privacy
laws, antitrust regulations, or contractual confidentiality.
These barriers can prevent oversight bodies from applying
interpretability 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 govern-
ment 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
determination is unverifiable, opaque at scale, and legally
shielded, there is no meaningful avenue for appeal. On
the private side, regulators face a similar problem: prov-
ing corporate malfeasance requires reconstructing how de-
cisions were made, and when the decision process is not
recoverable, opacity functions as a shield against enforce-
ment, raising the evidentiary burden and creating plausible
deniability. Progress on model-level interpretability and
chain-of-thought faithfulness would directly reduce the first
factor, making this a domain where alignment research and
institutional accountability are particularly complementary.
However, technical advances alone cannot address the scale
and access-barrier problems, which require institutional and
legal responses.

T5: 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 investi-
gate corporate conduct. This dual failure emerges not
because AI is merely a “black box,” but because unver-
ifiable explanations, unprecedented decision volume,
and institutional access barriers jointly overwhelm the
accountability mechanisms that existing governance
depends on.

3.6. Normative Centralization

States can be coerced through infrastructural choke points,
constraining the possible decisions they can make based on
public input. For example, the SWIFT financial messaging
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network and the U.S.-controlled Global Position System
(GPS) demonstrate how strong network effects and concen-
trated control over critical interfaces allow a state to leverage
power over others through the threat of exclusion (i.e., deny-
ing 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, semicon-
ductor 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 in a small number of
hyperscalers, which can deny service, throttle access, or en-
force 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,
reliance on any one of these choke points is sufficient to
threaten its sovereignty.

Most countries cannot independently train frontier models,
yet their administrative, financial, and economic systems
increasingly depend on AI capabilities they do not control.
This creates a pattern of infrastructural dependency on the
few worldwide providers and grants the few model develop-
ers structural power (Strange, 1996) over governments that
procure their models. A critical difference from prior choke
points like SWIFT or GPS is that AI dependence operates
across layers with distinct coercive logics. At the compute
and cloud layers, the mechanism is familiar: access can
be denied, throttled, or conditioned, and the affected state
knows it is being coerced, as current semiconductor export
controls illustrate. At the normative layer, however, the logic
is different. A government procures a capability, and the
developer’s value commitments come packaged with it, not
as an explicit condition of access but as an inherent property
of the system. This makes the influence graded rather than
binary, and may not explicitly register as coercion.

Frontier models are governed by a constitution or model
spec that defines permissible behavior, acceptable topics,
and value alignments (Bai et al., 2022b; Anthropic, 2025;
OpenAI, 2025c). Because the model developer controls
this constitution unilaterally, they shape 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). In practice, model constitutions are not
monolithic: they evolve under political pressure, regulatory
requirements, and market competition, and procurement
contexts often allow customization through system prompts,

fine-tuning, and API configuration. The risk is therefore not
that a single fixed ideology is exported, but that the defaults
carry normative weight, and defaults shape outcomes most
where procuring institutions lack the technical capacity or
institutional mandate to customize them.

If those defaults reflect the values and priorities of the devel-
oper’s home jurisdiction, procuring states effectively import
normative commitments into their own administrative ap-
paratus. (Hays & Jamali, 2026). Whether one views the
developer’s constraints or the government’s demands as
more legitimate in any given case, the structural point re-
mains: consequential normative decisions are being made
outside established democratic processes. This risk is dis-
tinctive in that it arises not from alignment failure but from
alignment working as intended: the model behaves exactly
as its constitution specifies, and that is precisely the problem
for governments whose values differ from the developer’s.

These phenomena are not restricted to frontier AI. The past
decade of social media research documents a structurally
similar pattern: a small number of platforms captured global
market share, operated without clear accountability, and be-
came significant political actors in the process (Hu, 2020;
Zaleznik, 2021; Castelló et al., 2025). As Gillespie (2018)
argues, the content moderation decisions these platforms
made were not ancillary to their function but constitutive
of it: effectively governance decisions made without demo-
cratic mandate. AI infrastructure is converging on a similar
concentrated structure, but makes the normative dimension
more explicit: where platforms exercised influence through
opaque curation and enforcement decisions, AI developers
codify it directly in constitutions and model specs.

Open-source models offer a counterweight, and one with no
precedent in the social media era, where self-hosting was
never an option. Open-weight models with performance
approaching closed-source frontier systems now exist, and
a country or regional coalition with sufficient compute can
run and adapt these models independently, relieving both
the cloud access and normative choke points. The technical
capacity required to adapt a model’s constitution need not re-
side in every procuring state; a single capable actor within a
geopolitical or linguistic bloc can produce an adapted model
that others in the bloc adopt. In principle, this narrows the
scope of normative capture risk.

Nevertheless, three limitations constrain this counterweight
in practice. First, compute hardware remains concentrated
in a narrow supply chain, so the infrastructure dependency
persists even when the normative layer is addressed. Sec-
ond, default-deployment inertia is strong: frontier providers
offer integration support, documentation, and contractual
guarantees that adapted open-source alternatives typically
lack, and institutional procurement tends to follow the path
of least resistance. Third, even within a coalition, someone
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must decide whose values to encode. The result is that nor-
mative capture risk is not universal, but it is concentrated
among states and institutions that lack either the technical
capacity to adapt or the political infrastructure to decide
what adaptation should look like.

Emerging work on collective constitutional AI demonstrates
that representative samples of the public can draft AI con-
stitutions through deliberative processes, producing models
that perform comparably on safety metrics while exhibiting
less bias than developer-designed baselines (Huang et al.,
2024; Weyl et al., 2024). These approaches create a demo-
cratic accountability layer between public values and model
behavior, partially decoupling normative constraints from
unilateral developer authority. Crucially, such processes
should be federated: different polities may legitimately ar-
rive at different normative priorities, and a single constitu-
tion should not foreclose that variation.

T6: Unlike traditional infrastructure choke points that
operate through access denial, AI systems carry em-
bedded normative constraints via constitutions, model
specs, and usage policies. Where model developers
control these constraints and procuring governments
lack the capacity or processes to customize them, nor-
mative authority shifts from elected officials to a small
set of constitution designers, concentrating power in
ways that can weaken sovereignty for procuring states
and bypass democratic accountability even within the
developer’s home jurisdiction.

3.7. Power Concentration

Democratic power-sharing is not sustained solely by good-
will. Institutions remain accountable in large part because
they depend on citizens for revenue, labor, military service,
and legitimacy, and must offer concessions to secure that
cooperation (Tilly, 1992). When this dependence weakens,
accountability tends to weaken as well. The rentier state lit-
erature documents the pattern extensively: states that derive
most government revenue from natural resources (such as
oil) rather than broad taxation consistently exhibit weaker
democratic accountability, because the economic bargain
that incentivizes responsiveness to citizens is absent (Ross,
2001; Beblawi & Luciani, 1987). Acemoglu & Robinson
(2019) identify a related condition: democratic stability re-
quires that state capacity and society’s capacity to check the
state grow roughly in tandem.

AI-driven displacement of human labor, cognition, and insti-
tutional roles introduces a new variant of this dynamic. By
enabling institutions to substitute AI systems for broad citi-
zen cooperation, and by reducing reliance on human labor,
administrative roles, and even military personnel, general-

purpose AI can weaken the link between the processing
and feedback phases of the governance loop described in
Section 2.1, thereby reducing the incentive for institutions
to respond to citizen input. These dynamics fit the broader
logic of gradual disempowerment (Kulveit et al., 2025): as
AI capabilities improve and deployment expands, institu-
tions may become less reliant on human cognition, weak-
ening the mechanisms through which democratic systems
remain responsive to citizens. Historically, this interdepen-
dence has operated across multiple, partially independent
sources of social power. Mann (1986) distinguishes four
such sources: economic, ideological, military, and political.
General-purpose AI threatens to erode all four simultane-
ously by reducing citizen leverage in each domain. At the
same time, the actors who control these systems may ac-
quire increasing political influence as institutions become
dependent on their infrastructure.

In the economic domain, if productivity gains flow dis-
proportionately to capital owners, citizens lose bargaining
power in ways the rentier-state literature predicts. This tra-
jectory is consistent with the direction of technical change
since the 1980s, in which automation has increasingly dis-
placed labor rather than augmenting it (Acemoglu & Re-
strepo, 2019). In the ideological domain, AI introduces
new mechanisms for centralizing belief formation. As dis-
cussed in Sections 3.1 and 3.2, reliance on a small number
of similarly tuned models can narrow the range of publicly
available framings, while personalized reinforcement loops
can harden individual positions against revision. Beyond
these passive effects, AI systems are increasingly capable
of active persuasion, with evidence suggesting they can
exceed human persuasive baselines (Rogiers et al., 2024;
Hackenburg et al., 2025; Schoenegger et al., 2026). In the
political domain, AI-powered surveillance and predictive
enforcement enable more targeted suppression of political
dissent at lower cost than traditional methods, reducing the
state’s dependence on broad cooperation to maintain order
(Xu, 2021; Beraja et al., 2023). In the military domain, au-
tonomous systems remain largely developmental, but the
trajectory suggests reduced reliance on human personnel for
the exercise of coercive force, further weakening the bar-
gaining power that conscription-based militaries historically
afforded citizens (Simmons-Edler et al., 2024; Tilly, 1992).

Declining citizen leverage may shift institutional depen-
dence away from citizens and toward the actors who control
advanced AI systems. As frontier models become essential
infrastructure for production, administration, and informa-
tion access, control over the most capable systems, along
with the compute and expertise required to deploy them,
may concentrate in a small number of individuals, compa-
nies and states (Hendrycks et al., 2023; Bengio, 2023). Even
open-weight models depend on complex supply chains for
compute, data, and infrastructure that remain concentrated
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(Meiklejohn et al., 2025; Casper et al., 2025). Institutions
may then become less dependent on citizens and more de-
pendent on model providers, whose control over AI behavior
and access gives them growing political influence.

What distinguishes the current moment from previous
episodes of power concentration is not only the magnitude or
speed of any single shift, but also their simultaneity. Histori-
cally, concentration in one domain often left others available
as channels for countervailing pressure. When economic
elites captured political institutions, ideological mobiliza-
tion and the threat of unrest could restore balance (Ace-
moglu & Robinson, 2006). When states expanded coercive
capacity, economic indispensability and normative delegit-
imation constrained overreach (Tilly, 1992; Acemoglu &
Robinson, 2019). General-purpose AI is distinctive because
it can reduce citizen leverage across economic, ideological,
political and military domains simultaneously, narrowing
the space for the cross-domain compensation that has histor-
ically made concentration correctable. These domains are
also not independent: economic resources can be converted
into political influence, political surveillance can suppress
the organizing that might otherwise check economic con-
centration, and ideological control can prevent citizens from
recognizing the erosion. The result is a potential for self-
reinforcing concentration in which erosion in one domain
accelerates erosion in the others.

T7: As AI capabilities grow and deployment expands,
democratic governance may erode through the simul-
taneous weakening of citizen leverage across multiple
domains of social power. By substituting for human
labor, cognition, and participation across economic,
ideological, political, and military domains, AI systems
can weaken the sources of citizen leverage that histori-
cally sustained democratic accountability. At the same
time, control over advanced models, compute infras-
tructure, and deployment pipelines may concentrate in
a small number of companies and states, shifting in-
stitutional dependence away from citizens and toward
AI providers. Together, these dynamics create the po-
tential for self-reinforcing power concentration. These
dynamics intensify as AI systems become more capable
and more widely embedded in economic production
and governance processes.

4. Recommendations
The failure modes we describe operate through different
mechanisms (scale and volume, training incentives, architec-
tural choices, institutional gaps) and no single intervention
addresses all of them. We organize our recommendations
around four complementary directions: simulating insti-
tutional risks before they materialize, training models to

support rather than degrade epistemic health, constraining
AI architecture in governance contexts, and building the
institutional infrastructure that makes the other three en-
forceable.

4.1. Stress-test institutions through simulation

R1: Develop multi-agent simulations to evaluate institu-
tional resilience under AI-mediated participation. The
failure modes we identify require evaluation methods that
go beyond model-level benchmarks to assess how individ-
ually benign outputs aggregate into systemic institutional
effects (Yadav et al., 2025b; Pandey et al., 2025). Agent-
based modeling has a long history in computational social
science for studying how micro-level behaviors produce
macro-level institutional outcomes (Epstein & Axtell, 1996).
Recent work demonstrates that LLM-powered agents can
replicate human behavior in social experiments (Park et al.,
2023; Argyle et al., 2023; Aher et al., 2023) and simulate
legislative processes (Baker & Azher, 2024). We propose ex-
tending these methods to institutional stress-testing: simulat-
ing how public comment systems, regulatory pipelines, and
deliberative forums behave under large-scale AI-generated
participation. Concrete questions include: at what volume
does a comment system’s signal-to-noise ratio collapse?
How does opinion diversity in a simulated public change
when a majority of participants use the same foundation
model? How does the cost of correcting a false belief scale
with the duration of sycophantic reinforcement? These are
empirical questions that can be studied in simulation before
they play out in practice. While LLM-based simulation
inherits biases from the models it uses (a methodological
limitation that must be acknowledged and calibrated against
real-world baselines), it offers a tractable path toward the
population-level and institutional-scale evaluations that cur-
rent AI safety frameworks lack (Costello et al., 2024; Salvi
et al., 2025). Simulation-based stress-testing should be com-
plemented by continuous monitoring of deployed systems:
periodic retesting as AI capabilities evolve and usage pat-
terns change, and cross-organizational sharing of incidents
and near misses to enable early detection of emerging sys-
temic risks.

4.2. Train models to support epistemic health

R2: Develop alignment methods that go beyond harm
avoidance to instill pro-social epistemic behavior. Cur-
rent alignment methods are primarily defensive: they train
models to avoid harmful outputs through refusal, filtering,
and reward shaping (Ouyang et al., 2022; Bai et al., 2022a).
This is necessary but insufficient for the sociopolitical risks
we describe, which arise not from models doing harmful
things but from models doing helpful things in ways that
degrade the systems around them (T1, T2; Sections 3.1, 3.2).
A complementary agenda would train models to actively
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support epistemic health: to seek genuine understanding
rather than agreement, to flag uncertainty rather than con-
fabulate, and to value productive disagreement over user
satisfaction. Existing work on truthfulness, calibration, and
sycophancy reduction has begun pursuing some of these
properties at the model level (Lin et al., 2022; Kadavath
et al., 2022; Evans et al., 2021; Sharma et al., 2024), but
frames them primarily as attributes of individual outputs
rather than as properties of the model’s role within a broader
epistemic system. This distinction matters because the prop-
erties that matter most for sociopolitical resilience, such
as cooperation, honest disagreement, and epistemic humil-
ity, are inherently relational: they describe how a model
behaves toward other agents, not just the accuracy of its
individual outputs. As work on cooperative AI has argued,
cooperation problems are fundamentally multi-agent and
cannot be reduced to single-system optimization (Dafoe
et al., 2021). Recent evidence shows that advanced LLMs
frequently fail to sustain cooperation in strategic settings,
defaulting to free-riding, defection, or other socially harm-
ful strategies (Piedrahita et al., 2025b; Cobben et al., 2026;
Tewolde et al., 2026). The same logic extends to epistemic
behavior: single-agent RLHF can optimize for truthfulness
in isolation, but it cannot teach a model when to push back,
when to defer, or how to navigate genuine disagreement pro-
ductively. Multi-agent training environments where syco-
phancy leads to worse collective outcomes and honest push-
back leads to better ones offer a more direct path (Irving
et al., 2018). This research direction builds on existing
work in cooperative AI (Dafoe et al., 2021), pluralistic align-
ment (Sorensen et al., 2024), and the philosophical case for
navigating competing moral frameworks under reasonable
pluralism (Gabriel, 2020). Concretely, public AI systems
should be architected to support running multiple models in
parallel, expose common interfaces for reasoning traces and
decision logs, and enable systematic comparison of outputs
on identical inputs. Cross-model disagreement checks and
periodic re-benchmarking against alternative models can
surface blind spots that arise when similar training produces
similar biases (Gabriel & Keeling, 2025).

4.3. Constrain AI architecture in governance contexts

R3: For governance-adjacent AI, limit autonomy to pre-
serve accountability and reduce systemic risk. The fail-
ure modes we describe generally intensify when AI systems
act autonomously: agentic systems can flood participatory
channels without human involvement (T3; Section 3.3), run
private reinforcement loops that accumulate over months
(T2; Section 3.2), make thousands of consequential deci-
sions before anyone evaluates the normative commitments
embedded in their design (T5, T6; Sections 3.5, 3.6), and
accelerate the substitution of human roles on which demo-
cratic leverage depends (T7; Section 3.7). A growing body

of work converges on the principle that combining high au-
tonomy, broad generality, and superhuman capability in a
single system creates qualitatively different risks than any
two of these properties alone (Aguirre, 2023; Bengio et al.,
2025). Drexler (2019) argues that general intelligence can
emerge from specialized, composable services rather than
monolithic agents, and recent autonomy taxonomies demon-
strate that capability need not entail autonomy: designers
can choose lower autonomy levels even for highly capable
systems (Morris et al., 2023). For governance-adjacent AI
(systems that touch democratic infrastructure, public ad-
ministration, or institutional decision-making), this raises a
question that deserves systematic investigation: under what
conditions does increasing AI autonomy degrade institu-
tional accountability faster than it improves institutional
performance? The tool AI tradition suggests that capable,
even superhuman systems can be designed to operate with-
out autonomous goal-pursuit (Aguirre, 2023; Bengio et al.,
2025), and the failure modes in this paper suggest that such
constraints would reduce exposure to several sociopoliti-
cal risks simultaneously. Whether tool-like deployment is
sufficient, or whether intermediate autonomy levels can be
made safe with adequate oversight infrastructure, is an open
empirical question, but one that should be answered before
governance-adjacent systems are deployed at high autonomy
by default. This principle should be encoded in Institutional
Safety Levels (R4.4) and procurement standards (R4.4),
so that the degree of autonomy permitted scales with the
strength of accountability mechanisms in place. We note
that economic pressures may push toward greater autonomy
over time (Branwen, 2016), making institutional constraints
on deployment form, not just model behavior, an important
complement to technical alignment.

4.4. Build institutional infrastructure

R4: Establish capability-triggered governance thresh-
olds for public-sector AI. Each major institution (legisla-
tures, courts, regulatory agencies, electoral systems) should
formalize threat models that identify how AI alters their
input, processing, and feedback layers, and specify capa-
bility thresholds at which risks emerge and cascade.3 We
propose encoding these thresholds as Institutional Safety
Levels (ISLs) for public-sector AI deployment, analogous
to the capability-triggered frameworks that frontier AI de-
velopers have adopted for model-level risks (Anthropic,
2023; Google DeepMind, 2024; OpenAI, 2025d). Each ISL
binds concrete AI capabilities to mandatory procedural safe-
guards. For example, in a court system, the shift from “AI

3Reliably measuring AI capabilities remains an open challenge,
so ISLs should not depend on technical measurement alone; they
should also incorporate public input on where thresholds belong
and err toward requiring the procedural safeguards described in
Section 4.4 when measurement is uncertain.
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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 path-
ways. Higher-impact uses, such as drafting legally operative
text or enabling population-scale filing, would require an
external audit or pre-deployment authorization. The thresh-
olds themselves should be set through processes that include
democratic input, not determined unilaterally by technical
experts, and should be validated through the adversarial
simulations described in Section 4.1 (Vaintrob, 2025).

R5: Require decision records and participation au-
thentication for institutional AI. Institutional AI systems
should log decision records by default: durable, standard-
ized traces that capture inputs, model and prompt versions,
tool calls, retrieved sources, intermediate state, and uncer-
tainty, in formats suitable for audit, comparison, and legal re-
view (Mitchell et al., 2019; Raji et al., 2020). These records
should be queryable across cases so decisions can be audited
and stress-tested, building on emerging standards for AI sys-
tem logging (International Organization for Standardization,
2025; UK Government Digital Service, 2024). Explana-
tions need to move beyond chain-of-thought, which can be
unreliable (Arcuschin et al., 2025), toward methods that
let officials test how outputs change when inputs change,
whether through improving the faithfulness of reasoning
traces themselves (Yu et al., 2025) or through causal and
counterfactual explanation methods that make input-output
dependencies explicit (Wachter et al., 2018). Separately,
deployed systems need to track provenance and support
proof-of-personhood for inputs such as public comments,
filings, reports, or petitions, so institutions can distinguish
genuine participation from automated volume without com-
promising privacy. Recent work on personhood credentials
proposes privacy-preserving approaches using verifiable
credentials and zero-knowledge proofs that avoid the cen-
tralization risks of biometric systems (Adler et al., 2024).
Together, these measures make AI-mediated governance
inspectable, contestable, and reliable at scale.

R6: Require interoperability and multi-provider strate-
gies in public AI procurement. When a single model fam-
ily is deployed across public institutions, its training data,
safety filters, and reward functions effectively standardize
how arguments are framed and which claims are treated
as legitimate, producing epistemic monoculture (T1, T2;
Sections 3.1, 3.2) and normative capture (T6; Section 3.6).
Public procurement frameworks should require transparency
regarding model capabilities, safety constraints, and up-
date policies; mandate interoperability standards and data
portability so that institutions are not locked into a single
provider; and support multi-provider deployment strategies
that enable hot-swapping without re-engineering workflows.
As recent analyses of AI procurement argue, procurement

is increasingly the de facto site of AI governance: conse-
quential normative decisions are made through bilateral ven-
dor negotiations without public accountability (Carr-Ryan
Center for Human Rights Policy, 2026). Decision-log reten-
tion and explainability should be mandatory procurement
requirements, modeled after communication and data reten-
tion standards in regulated sectors such as finance, so that
model behavior, disagreements, and normative trade-offs
remain auditable over time.

R7: Invest in deliberative infrastructure for AI gover-
nance. The failure modes we describe are partly artifacts
of institutional designs (open comment systems, broadcast-
model communication, unilateral standard-setting) that pre-
date AI. Complementing defensive measures (R4.1–R4.4)
with proactive institutional innovation can make governance
channels more resilient by design. Concretely: fund struc-
tured deliberation tools (e.g., bridging-based platforms that
surface consensus rather than amplify volume (Small et al.,
2021)), establish standing citizens’ assemblies with formal
advisory roles and respond-or-explain requirements (i.e.,
regulators must either adopt assembly recommendations
or publicly justify departing from them) in AI regulation,
and pilot democratic input processes for consequential AI
decisions such as model constitutions and safety thresh-
olds (Huang et al., 2024; Weyl et al., 2024). Recent work
demonstrates that AI-mediated deliberation can operate at
scale: Tessler et al. (2024) showed that an LLM-based me-
diator generated group statements preferred over those from
human mediators across thousands of participants, while
OpenAI’s Democratic Inputs to AI program funded ten
teams each engaging 500+ participants (OpenAI, 2023). A
2024 case demonstrates the approach for AI-specific harms:
when deepfake advertisements impersonating public figures
proliferated on social media, Taiwan convened 447 ran-
domly selected citizens in 44 virtual deliberation rooms; an
AI dialogue engine synthesized their proposals the same
day. The assembly converged on actor-and-behavior regula-
tion (platform liability for unsolicited deepfakes, mandatory
labeling of unsigned ads, and throttling of non-compliant
services) rather than content moderation. The law passed
with multiparty support, and impersonation ads fell by 94%
within a year (Siddarth et al., 2024; Reuters Investigates,
2025). These channels, designed around structured deliber-
ation and identity-verified random selection, are inherently
more robust to congestion and manipulation (T3, T4; Sec-
tions 3.3, 3.4) than open-submission systems, provided they
include ongoing feedback from the communities affected
by their outcomes.

5. Alternative Perspectives
Societies will gradually adapt without intervention. From
a Hayekian perspective, complex social systems reach equi-
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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 in-
stitutions adapted to the printing press and internet by de-
veloping new procedures and oversight mechanisms over
time (Wu, 2010; Kissinger et al., 2021). However, the time-
line for institutional adjustment may be compressed from
decades to years, and the adaptation this view assumes may
be structurally undermined by the dynamics it expects to
resolve. Acemoglu (2021) argues that AI development con-
centrating economic rents also erodes the political and or-
ganizational capacity on which institutional self-correction
depends. If this reinforcing dynamic holds, harms may accu-
mulate faster than self-adaptation can resolve them, not only
because the pace of change is unprecedented but because
the capacity for institutional response is itself degraded.

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). We agree that
alignment is necessary and that it can directly help with
specific sociopolitical risks: less sycophantic training re-
duces belief reinforcement (Section 3.2), improved chain-
of-thought faithfulness strengthens institutional auditability
(Section 3.5), and models that refuse to generate deceptive
content limit the most blatant epistemic attacks (Section 3.4).
However, the relationship between alignment and sociopo-
litical risks is more complex than this view suggests. Some
failure modes, particularly those driven by cost asymme-
tries and scale, persist regardless of alignment quality: a
perfectly aligned model still makes it cheap to overwhelm a
public comment system (Section 3.3), and alignment does
nothing to prevent the displacement of human labor and
participation that weakens citizen leverage over institutions
(Section 3.7). Others are direct consequences of how cur-
rent alignment methods work: the same reward signals that
make models safe and helpful also narrow output diversity
(Section 3.1) and embed developer values into public in-
frastructure (Section 3.6). Moreover, whether alignment
delivers its sociopolitical benefits depends on institutional
conditions: who sets the alignment objectives, how compli-
ance is verified, and whether deployment contexts negate
model-level gains. Alignment without functioning over-
sight institutions risks optimizing for the wrong objectives;
institutional resilience without alignment lacks the techni-
cal tools to govern model behavior. The two agendas are
mutually dependent.

6. The Way Forward
In this 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 coordinated action
across multiple communities. For the AI research commu-
nity, this means extending safety work toward system-level
evaluations that capture aggregation effects, institutional
load, and belief dynamics under realistic deployment con-
ditions. For AI developers, it entails treating contestability,
auditability, and pluralism as core design principles, not
post-hoc remedy. For policymakers, it requires moving be-
yond reactive controls toward institution-level safeguards
that preserve democratic responsiveness at scale. Crucially,
institutional resilience need not be built from scratch: civic
technology initiatives have demonstrated that structured
deliberation and participatory governance can operate at
a national scale—though adapting these tools to AI gov-
ernance remains an open research challenge. We call on
all three communities, together with the publics most af-
fected by these systems, to ensure that rapidly advancing
AI is matched by corresponding progress in institutional re-
silience. These agendas are not competing priorities: model-
level alignment depends on functioning institutions to deter-
mine whose values are encoded and to verify compliance,
while institutional resilience increasingly depends on tech-
nical tools to govern model behavior at scale. Advancing
both in coordination is essential.
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