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Abstract
AI alignment cannot be solved by focusing on a
single system in isolation; even perfectly intent-
aligned AI will lead to dangerous outcomes if
embedded within institutions that are misaligned
with human flourishing. We call this problem
Full-Stack Alignment (FSA): the co-alignment
of AI systems and institutions with human agency
and flourishing at all levels of society. We group
current approaches to both AI alignment and in-
stitution design into two paradigms: one mod-
els values as any conceivable utility function or
preference relation, as familiar from microeco-
nomics, game theory, and mechanism design; an-
other models values as any text string, prompt,
or model-based critique. We argue that both
paradigms struggle with problems like manipula-
tion, value evolution, moral reasoning, and social
context, making them ill-equipped to tackle the
full scope of FSA.

Instead, we propose a new paradigm: thick mod-
els of value (TMV). Thick models of value im-
pose structure on how we represent values and
norms, so they can capture how individual well-
being connects to collective good, distinguish gen-
uine values from fleeting preferences, and embed
individual choices within their social contexts. In
other words, TMV takes a stand on what values
and norms are, without imposing a singular vi-
sion of collective flourishing. TMV can apply to
aligning both AI systems and institutions, mak-
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ing them a powerful tool for tackling Full-Stack
Alignment; we make this argument using five key
application areas (AI value stewardship, norma-
tively competent agents, win-win negotiation sys-
tems, meaning-preserving economic mechanisms,
and democratic regulatory institutions). Our aim
is to articulate the conceptual foundations of TMV
and nurture this emerging research into a coherent
research program.

1. Introduction
The growing field of sociotechnical alignment starts with
a simple observation: beneficial societal outcomes cannot
be guaranteed by aligning individual AI systems with their
operators’ intentions (Gabriel, 2020; Lazar & Nelson, 2023).
AI systems do not exist in a vacuum; they are embedded
within larger institutions like companies, markets, states,
and professional bodies. The incentives of these institu-
tions can distort the intentions of designers who build the
AI systems and the users who interact with them, in ways
that are worse for our collective welfare or that degrade
our autonomy as individuals. For example, recommenda-
tion engines tuned to maximize engagement keep users on
the platform longer, but can also trap them in compulsive
scrolling that erodes their individual deeper goals (Nguyen,
2020) and leads to various unacceptable social outcomes
(Schissler, 2024; Milli et al., 2025; Tufekci, 2019; Blan-
chard et al., 2023; Lau et al., 2024; Suresh & Dharani, 2025;
Pellegrino & Stasi, 2024). These problems don’t go away as
our technology becomes more powerful: as AI progresses,
we may see trading bots that follow the letter of financial
regulations but exploit the spirit of market rules (Krakovna,
2018; Lehman et al., 2020) or LLM “ambassadors” rep-
resenting a company that make deals to avoid democratic
oversight. In each case, the AI systems are locally aligned
with the operator’s intention, but this creates undesirable
race-to-the-bottom dynamics at a larger scale.

Sociotechnical alignment takes aim at this issue by broad-
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ening AI alignment to include social and systemic factors;
however, this expansion admits many possible objectives
and priorities. Without clearer specification, “sociotechnical
alignment” risks becoming an umbrella term that provides
little guidance for the concrete design choices facing AI
developers and policymakers.

We propose a more precise and ambitious goal: the co-
alignment of AI systems and institutions to enable hu-
man flourishing at all levels of society, from each individ-
ual’s pursuit of their vision of the good life, to our collective
achievement of shared values and ideals. In other words, we
want to design AI systems and institutions that “fit” human
values and sociality well, where the AI systems and their
institutions are compatible. We call this project “Full-Stack
Alignment” (FSA).

How might we achieve Full-Stack Alignment? AI systems
and institutions ought to understand and respond to human
values (i.e., what people care about) and norms (i.e., shared
rules or expectations that guide our behavior). Thus, we
need a common language for expressing what matters to
us. In other words, we need ways of representing values
and norms so that they are legible to both AI systems and
the institutions around us. These representations must be
rich enough to capture the complexity of human values and
norms while being specific enough to guide the behavior of
artificial agents and institutional mechanisms.

There are two main paradigms which consider the problem
of value representation. Unfortunately, as we argue in Sec-
tion 2, both of these approaches are too thin to account for
the richness of human values:

(1) First, some researchers use a family of frameworks
that models agents—human or artificial—via utility
functions or preference relations. In this paper, we
call this the Standard Institution Design Toolkit (SIDT),
referring specifically to methods where (a) the shape of
allowed preferences is barely constrained by a few math-
ematical properties (e.g., transitivity) and (b) the prefer-
ences are opaquely presented, without any reasoning behind
them and with no reference to an underlying structure of
value—in other words, SIDT representations are descrip-
tively thin, containing minimal descriptive or justificatory
content (Vayrynen, 2016; Zhi-Xuan et al., 2024). We will
argue below that this thinness makes it impossible to distin-
guish genuine values from those shaped by manipulation, ad-
diction, or power imbalances (Burr et al., 2018; Pettit, 2023;
Cohen, 2008). A preference-maximizing recommender sys-
tem sees addictive engagement and authentic interest as
identical—both are just “revealed preferences” to maximize
(Thorburn et al., 2022; Edelman, 2022). It also becomes
difficult to audit or deliberate over what we collectively
value when representations are devoid of reasoning. These
systems also struggle with human cooperative norms: while

there are attempts to incorporate these into SIDT models,
their representations for norms have not approached the so-
phistication and cultural fluency required (Fehr & Gächter,
2002).

(2) More recently, researchers at AI labs have turned in
another direction, towards noncommittally represent-
ing values and norms as ad hoc blocks of natural lan-
guage (prompts, constitutions, policy specs (OpenAI)
(Anthropic)), relying on the emergent interpretive abili-
ties of large language models (LLMs) to make sense of
them. We call this approach values-as-text (VAT). Specifi-
cally, we refer to approaches that use text strings without any
commitment as to what values or norms are or how they are
structured—such approaches are theoretically thin. We will
argue this creates ambiguity and enables both manipulation
and ideological capture. Lists of constitutional principles
(e.g.,“Be helpful,” “Address historical injustice,” “Promote
fun”) are easy to author and may sound broadly agreeable,
but often that agreement covers over an equivocation as to
what the principles mean and how conflicts between them
should be evaluated. This limits our ability to audit whether
and how they are being followed. The same sentence can
license divergent behaviors in different contexts, resulting
in frantic prompt-patching after each failure. Extended di-
alogues between users and AI systems make it difficult to
distinguish genuine preferences from mere acceptance of
model-suggested options. Worse, when any text string can
become an alignment target, the system becomes vulnerable
to ideological capture. Slogans like “Abolish the police”
or “Pro-life” can be injected as shallow value statements,
turning AI systems into vehicles for political agendas rather
than tools for human flourishing.

Each approach has advantages: the SIDT offers mathe-
matical precision and a rich theoretical framework devel-
oped over decades. Values-as-text provides flexibility and
accessibility, allowing anyone to articulate values with-
out technical expertise. Yet, we argue here that both are
fundamentally ill-equipped for upcoming challenges, fore-
shadowing near-term sociotechnical failures like value col-
lapse (Nguyen, 2020), normative brittleness (Kolodny et al.,
2015), economies that prosper while humans languish (Kul-
veit et al., 2025), and democratic regulation becoming too
slow to keep pace (Kulveit et al., 2025).

These failure modes may not just cost us the societal status
quo—we may miss unprecedented opportunities that are
enabled by Full-Stack Alignment. If AI is embedded in our
social fabric, this relationship is necessarily bidirectional:
we shape these systems, and they, in turn, shape us. This
dynamic offers a chance to deliberately design technolo-
gies that—rather than merely avoiding harm—embrace the
wealth of intangibles that relate and situate individuals as so-
cietal beings, including: the capacity for meaningful work,
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rich relationships, collective meaning-making, individual
freedoms, and the pursuit of other higher goods that are
unlikely to be captured as preferences.

To meet this challenge, we propose a third paradigm that
avoids both the descriptive thinness of the SIDT and the the-
oretical thinness of values-as-text: thick models of value
(TMV). By thick models of value, we mean: representations
of value and normativity that are rich enough to encode
the complex interrelationships between individual flourish-
ing and collective goods, the distinction between authentic
values and momentary impulses, and the embeddedness of
choice within social contexts. In invoking the term “thick”,
we draw upon the distinction between thick vs. thin eval-
uative concepts (Williams & Lear, 2011; Vayrynen, 2016)
and thick vs. thin description in anthropology (Ryle, 1968;
Geertz, 1973), similar to recent work that highlights the
importance of thick conceptual representations (Zhi-Xuan
et al., 2024) and socially-grounded contextual analysis for
AI value alignment (Nelson, 2023; Foster, 2023).

TMV charts a middle path between two extremes. On one
side are approaches that say nothing about what values and
norms are—attempting alignment with any utility function,
preferences, or textual statements regardless of content. On
the other side are approaches that commit to a fixed set
of values like fairness, efficiency, or happiness. Instead,
TMV delineates what values are without specifying which
values should prevail, building an open yet structured notion
of flourishing that respects the plural and often contested
nature of our values. Philosophers have long explored how
to identify, represent, and reason about such thick values
(Anderson, 1995; Levi, 1986; Chang, 1997; Taylor, 1985b),
and formal models of these values have been developed at
the intersection of philosophy and AI (Von Wright, 1951;
Amgoud & Cayrol, 2002; Bench-Capon, 2020). However,
these insights have yet to be folded back into the economic
and machine learning principles that most AI systems are
built on.

By moving beyond the SIDT and textual representations,
TMV frameworks can specify the topic or structure of norms
and values, or characterize how an improvement to a norm
or value can be recognized. This allows us to align AI
systems with the full spectrum of human values, not merely
their most easily quantifiable manifestations. Moreover,
TMV can apply to aligning both AI systems and institutions
(such as markets and democratic mechanisms) with human
flourishing, making them a powerful tool for tackling Full-
Stack Alignment. As Section ?? illustrates, thick models of
value are already being used to solve important problems in
AI alignment and institution design.

The rest of this paper is organized as follows: Section 2 diag-
noses the limitations of SIDT and values-as-text. In Section
3, we clarify what we mean by TMV and organize the

most promising approaches to it. Section 4 walks through
five areas where TMV could resolve previously intractable
alignment problems at the AI system and institutional level.
Section ?? features early successes in TMV. Finally, Section
5 concludes and sketches a research roadmap.

In short, if we want AI that augments rather than erodes
human flourishing, we must move beyond the reductionism
of SIDT’s optimization calculus and the convenience of tex-
tual constitutions. We need thicker, more principled models
of values and norms—representations sophisticated enough
that both our machines and institutions can recognize, rea-
son about, and remain accountable to the values we hold
most dear.

2. Limitations of Existing Toolkits
We now explain why preference relations and values-as-text
struggle with sociotechnical alignment. Each problem we
list finds roots in an overly thin approach to modeling values
and norms. We highlight the problems briefly here, and
elaborate on them more fully in Appendix ??.

2.1. The Standard Institution Design Toolkit

Since the SIDT has been used to design markets (Roth et al.,
2004; Milgrom, 1998), democratic institutions (Hylland
& Zeckhauser, 1979; Abdulkadiroglu & Sönmez, 2003),
and AI systems (Christiano et al., 2017; Bai et al., 2022a),
it is tempting to use it to characterize the behavior of AI
and of institutions as aligned or misaligned, and to align
them. In the SIDT, agents are idealized as pursuing goals
encoded in utility functions or preference relations, and
each individual usually comes equipped with a complete,
context-independent ordering over all possible outcomes.
This toolkit is still used in theoretical and mathematical
frameworks for alignment, in the form of “practical align-
ment” techniques such as RLHF (Christiano et al., 2017;
Ouyang et al., 2022). However, SIDT has run into problems:

Opaque preferences In the SIDT, agents’ preference rela-
tions remain largely private, with only a tiny subset revealed
through choices, strategic acts, or signalling (Cao et al.,
2021). These preferences are presented without reasons and
must be inferred from votes, clicks, or purchases—choices
among available options rather than the broader possibility
space. Aggregate preferences from social choice mecha-
nisms are similarly opaque: they represent mathematical
aggregations without coherent underlying rationales, mak-
ing them difficult to audit, deliberate over, or contest. SIDT-
based models like recommenders lack principled ways to
validate interpretations of community values.1

1Preference-based approaches that cannot examine underly-
ing reasons restrict fuller conceptions of autonomy that include
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Difficulties with cooperation Standard non-cooperative
game theory assumes individual agency driven by prefer-
ences and beliefs, with utility attached to solitary outcomes
rather than the roles, contexts, and shared norms embedding
human action. While the SIDT can encode social norms
within individual utilities, it largely omits how such norms
are created, maintained, and evolved (Skyrms, 2014). This
framework struggles to model how cooperation generates
new norms and shifts values through deliberation (Manin,
2005), potentially leaving cooperative outcomes unrealized.

Blindness to higher goods These approaches cannot dis-
tinguish which preferences are worth having (Taylor, 1985a).
The SIDT’s flexibility allows preference relations to bundle
everything from impulse buys to deep values. With revealed
preference, observed behavior gets fitted without examining
generative value mechanisms, leaving diverse motives un-
differentiated.2 This limits data collection and aggregation
mechanisms, preventing SIDT-based systems from surfac-
ing collective aspirations toward self-transcendence, moral
progress, or deeper truths. When institutional performance
measures only current preference satisfaction, these higher
goods remain unrecognized.3

Despite proposed refinements—incomplete preferences
(Gul & Pesendorfer, 2001), social preferences (Fehr &
Schmidt, 1999), mutable preferences (Pettigrew, 2019; Bern-
heim et al., 2021), and behavioral relaxations (Tversky &
Kahneman, 1992)—these issues persist because alternatives
ignore choice’s normative content.4

2.2. Values as Text

Recently, AI system designers have shifted from SIDT to-
ward natural language-based approaches, encoding values
as free-form text (Ganguli et al., 2023; Bai et al., 2022b;
Sorensen et al., 2025). Like SIDT, text-based values claim
neutrality by not assuming what values are or when they ap-
ply. Both preference relations and text strings can represent
anything—constructive or destructive.

reflective judgment and deliberation (Haworth, 1986).
2Some exceptions in behavioral economics model endogenous

preference change (Becker & Murphy, 1988; Bernheim et al.,
2021), but little work formally models how thicker notions of
value generate preferences.

3Even when applied to virtues and principles, the SIDT faces
problems: the large space of values conflicts with mechanisms
designed for small option sets, driving vagueness. Additionally,
collecting preferences over values skips moral reasoning possibili-
ties.

4Preference-based approaches tend to overlook actual prefer-
ences’ incompleteness, inconsistency, and instability (Elster, 1982;
Zhi-Xuan et al., 2024). Even frameworks incorporating mistakes
maintain assumptions of coherent, stable preferences (Bernheim
& Taubinsky, 2018). An exception is Bernheim et al. (2024) who
incorporates choosing itself into welfare economics.

This indiscriminacy is their chief drawback: alignment tar-
gets expressed this way can be pulled in any direction, pol-
luted by considerations we wouldn’t recognize as values.
Furthermore, free-text specifications lack structure to con-
strain interpretation or guide reasoning, replacing SIDT’s
opacity with ambiguity. The resulting toolkit is ambiguous,
manipulable, porous, and difficult to reason about.

Ambiguity Text-based approaches turn alignment into
”guess what I mean,” hoping AI systems extract coherent
principles from ambiguous instructions and apply them
across novel contexts. In multi-stakeholder contexts, natural
language gravitates toward abstract principles that sound
appealing but lack concrete guidance—like ”The AI should
always be maximally helpful” (Ganguli et al., 2023)—im-
possible to operationalize meaningfully.

While agents might ”request clarification,” this only defers
the problem: without commitments to what values are, mod-
els lack criteria for adequate value representation. Problems
compound as AI systems assume complex responsibilities
beyond their prompts’ foreseen contexts, where reasoning
chains create distance between original intentions and be-
haviors.

Manipulability As Sen established, revealed preference
fundamentally limits benefit measurement (Sen, 1973;
1977). Anyone who can manipulate choices can claim to
benefit others—a vulnerability businesses and governments
exploit through AI systems (Stray et al., 2021; 2022).

Values-as-text approaches share this problem: both struggle
to separate genuine concerns from spurious data. Neither
preference models analyzing social media scrolling nor text
fields can determine underlying wants. When prompts de-
rive from AI-user dialogues, distinguishing genuine prefer-
ences from model-suggested options users accept becomes
impossible (Köbis et al., 2021; Franklin, 2022). Current AI
models already engage in reward hacking through sycophan-
tic behavior (Carroll et al., 2024; Denison et al., 2024).

Porousness The indiscriminacy of values-as-text opens
manipulation by third parties. Value elicitation often yields
polarized ideological markers rather than authentic values
(Sorensen et al., 2025; Ganguli et al., 2023). Statements like
”Defund the Police” reflect tribal affiliations, not guiding
values.

This prevalence reflects social pressures influencing value
articulation. When anything can enter prompts or constitu-
tions, alignment targets become susceptible to lobbying and
tribal signaling, redirecting AI behavior from what popula-
tions consider wise toward prevailing rhetorical positions or
culturally powerful values.
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Difficult to reason about Without commitments to what
values are, how they’re structured, or how they inter-relate,
these approaches cannot ground moral reasoning. While for-
mal models exist for values-based reasoning (cf. Section 3),
they require structured representations, not free-form text.
Without structure, AI reasoning connects to text arbitrarily,
making standards impossible.5

3. Thick Models of Value
To overcome these limitations, we need frameworks that
take a stance on what values and norms are, or what they
are about, rather than treating all preference relations or
text statements as equally valid (Zhi-Xuan et al., 2024). We
must be more opinionated about normativity itself. To do
this, we need not commit to any ultimate moral good, or
even any first-order moral framework. Instead, there are
moderate approaches that constrain how we represent or
specify “the good” a bit more than text strings or prefer-
ence relations can, without enforcing a singular vision of
collective flourishing.6

In this section, we group these moderate approaches under
four headings. In each case, the idea is to reduce the scope
of what counts as a value or a norm to cover the kinds of
things humans consider to be values or norms, without in
any way limiting them further.

The simplest way to reduce the scope of values or norms
is to take a position on what they should be about or how
they should be formatted. For example, on the view that
values are not just choice criteria, but choice criteria that are
constitutive of living well (Taylor, 1993; Velleman, 2009),
then a value elicitation process should exclude features or
criteria that are merely instrumental to some further end
(e.g., “acquiring wealth” is typically not an end in itself),
while including criteria that—together with other criteria—
are integral to flourishing in some domain of life. This
approach is pursued by Klingefjord et al. (2024), who intro-
duce a representation and elicitation mechanism for values
as understood in these terms, which are then used to define
an alignment target. Similarly, London & Heidari (2024)
offer a formal account of AI assistance that defines human

5Abandoning moral reasoning (as preference models do
through reasonlessness) has high costs (MacIntyre, 2007). Moral
reasoning enables moral progress through arguments that correct
omissions (Taylor, 1989) or balance concerns (Chang, 2004). With-
out these prospects, morality becomes either (a) mere preference
subject to personalization, causing perpetual contention between
differently aligned AI models; or (b) a site of power conflicts where
the strongest group imposes its framework. Neither prospect en-
courages.

6In drawing this distinction, we follow philosophers who con-
trast substantive normative theories, such as utilitarianism, with
meta-ethical frameworks that make claims about the nature of
values, normativity, or goodness (Kagan, 1992; Schroeder, 2017).

well-being in terms of capabilities and functionings (Sen,
1999; Nussbaum, 2013) rather than preferences, thereby dis-
tinguishing trivially beneficial AI assistance from genuine
advancement of a person’s life plans.

Alternatively, we can insist each value or norm be justi-
fied via a connection to human situations/practices. We
can say that what sets apart a norm from any other rule is
its practice or acceptance by the relevant social community
(Bicchieri, 2005; Brennan et al., 2013) or its origination
from legitimate processes (Rawls, 1993). As such, for a
system to be aligned with human norms, it is not enough for
the content of those norms to be represented in the system
(textually or formally). In addition, the norm acquisition
process must be related to actually normative practices in a
structured way, in order to weed out, e.g., common social
practices that are not normative (trends, etc.) or textual prin-
ciples that are too coarse-grained to fulfill the cooperative
functions of a norm.

Thirdly, we can evaluate values or norms for some basic,
noncontroversial kind of fitness. A key way in which
many theorists have defined the scope of the normative is
by examining the origins and functions of normativity in
human life. For instance, Velleman (2009) suggests that
values emerge as common patterns of goodness abstracted
across standpoints and contexts: considerations that remain
beneficial across multiple perspectives become recognized
as values (e.g., honesty tends to be useful across different
agents, contexts, and time periods), while merely situational
or local preferences do not achieve this stability. Social
contract theorists offer a similar kind of origin story for
norms (social, moral, or legal), arguing that norms emerge
through our need to live together despite our divergent inter-
ests (Gauthier, 1986; Binmore, 2005) and furthermore that
ideal normative principles are those that we can justify to
each other, either by appealing to mutual self-interest (Gau-
thier, 1986), to what would rationally follow from some
universal standpoint (Rawls, 1971), or by providing reasons
that no one could reasonably reject (Scanlon, 2000).

Finally, in order to register a value or norm, we can re-
quire it to be a stepwise, noncontroversial improvement
over another value or norm. SIDT and VAT approaches
leave unspecified what it would mean for a value or norm
to be an improvement over the status quo. As a result, they
struggle to enable individual and collective reflection about
what values to uphold, reconciliation of conflicting values
or norms, and iterative reasoning about the principles by
which we live together (Anderson, 1995). They also pro-
vide few resources for guarding against deleterious value
drift, since doing this requires a stance on which values are
“better”. To address this limitation while avoiding the risks
of value imposition and moral dogmatism, we can turn to
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theories of value reflection and normative reasoning. By
and large, these theories do not directly state which values
or norms are “better” but instead highlight general consid-
erations for determining whether some value or norm is
an improvement over another from the perspective of the
valuer (Taylor, 1989; Chang, 2004) or the moral community
(Anderson, 1995; Scanlon, 2000). For example, one value
might be considered an improvement over another value if
it addresses an error or omission in the latter value (Taylor,
1989). Alternatively, when two values conflict (e.g., hon-
esty vs. tact), some third value might be found that is more
comprehensive than the original two values (e.g., respect
for one’s interlocutors), explaining when and why it makes
sense to prioritize one or the other (Chang, 2004). Regard-
ing norms, a better norm might be one that allows a group
to reliably reach better equilibria (Gauthier, 1986; Binmore,
2005; Barez & Torr, 2023). When evaluative standards or
normative principles are shared, they require reasons for
their justification over other principles and standards. These
reasons might derive from any number of normative rea-
soning strategies (e.g., demonstrating internal coherence,
reflective equilibrium, or correspondence with underlying
empirical facts (Anderson, 1995)).

We have just covered four ways to bring what philosophers
call meta-ethics into the alignment of AI models and insti-
tutions: by limiting values and norms to their proper topic
or format, connecting them with practices, evaluating them
for fitness, or embedding them in a process of improvement.
In practice, most meta-ethical theories do all of the above.
What sets them apart is not just that they reduce the scope of
values and norms, but that they account for everyday aspects
of human normativity that are important for alignment, such
as that values are densely connected and mutually constitute
each other, or the fact that they change and evolve through
circumstance and through rational debate.

The main challenge ahead is not to come up with these
theories from scratch but to incorporate them into our AI
systems and institutions. This work is already begun, as we
highlight in Appendix B.

4. What’s in Scope? Five Application Areas for
Thick Models of Value

In this section, we sketch how the theoretical tools above
could translate into practical solutions across five domains:
three alignment challenges with individual agents (non-
manipulation, normative competence, and agent-agent ne-
gotiation) and two challenges with institutional alignment
(markets and democratic mechanisms).

4.1. AI Agent Alignment

4.1.1. AI VALUE-STEWARDSHIP AGENTS

When AI assistants become deeply integrated into our daily
decisions, their potential to undermine user autonomy or
distort core values becomes a significant concern (Koralus,
2025; Kulveit et al., 2025). These systems may funda-
mentally misinterpret what we value, subtly manipulate
us through persuasive capabilities, or apply recognized val-
ues in contextually inappropriate ways. This could lead
users to drift away from the rich constellation of values and
aspirations they originally cared about toward thin, easily-
optimizable objectives, a process that’s been termed value
collapse (Nguyen, 2020). This extends beyond mere pref-
erence alteration; it signifies an erosion of self-governance
and a detachment from the pursuit of a more substantive,
self-authored life. An assistant that maximizes “expressed”
utility will dutifully reinforce momentary impulses, even
when users would later reject them. One that attempts to in-
fer “true” values without principled constraints may project
arbitrary interpretations onto user behavior.

The normatively opinionated toolkit from Section 3 sug-
gests several promising directions for developing value-
stewardship agents that could avoid these pitfalls. One
approach draws on theories that model values as constitutive
attentional policies—criteria that connect choices to what
users want to uphold, honor, or cherish (Klingefjord et al.,
2024). This could enable agents to distinguish between fleet-
ing wants and durable values that users would endorse upon
reflection. For instance, when a user expresses interest in
“healthy living,” rather than interpreting this as a simple opti-
mization target, agents might clarify what aspects of health
the user actually cares about—perhaps vitality and joy in
physical activity rather than mere biomarker maximization.
Another, more ambitious approach would be to use models
of moral reasoning to assist the user in evolving their own
moral views in some well-defined direction of robustness
and clarity (Koralus, 2025).

Such approaches point toward several capabilities that value-
stewardship agents might possess: using structured represen-
tations that make values inspectable and contestable; gen-
erating plans that satisfy near-term goals without eroding
the broader value portfolio; applying values with sensitivity
to social contexts; and maintaining principled distinctions
between legitimate support and manipulative persuasion.
While significant research remains to operationalize these
capabilities reliably, the structured approach to values of-
fers a promising foundation for ensuring that AI assistance
genuinely serves human autonomy rather than subtly under-
mining it.
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4.1.2. NORMATIVELY COMPETENT AGENTS

As autonomous agents assume previously human-filled
roles—whether as self-driving cars, remote AI workers, or
moderators of organizational rules—we face an increasing
risk that such agents will stress and ultimately break the
norms and institutions that humans maintain. The pervasive
integration of norm-blind agents risks fraying the matrix
of informal understandings and reciprocal expectations that
sustains social order. Classical game theory’s Nash equi-
libria leave no room for shared social norms, while other
concepts like correlated equilibria (Gintis, 2010) do not ex-
plain how people might select between equilibria or reason
about which principles might be better to live together by.

The approaches to characterizing origins and functions of
normativity from Section 3 suggest several pathways toward
normative competence that goes beyond superficial com-
pliance. One promising direction involves norm-augmented
Markov games (Oldenburg & Tan, 2024), which could
provide frameworks for rapid norm learning from limited
demonstrations. Such approaches might enable agents to
identify which social practices constitute genuine norms
rather than mere trends by rewarding compliance with pat-
terns that predict collective behavior unexplained by indi-
vidual desires alone.

For normative reasoning, computational models of contrac-
tualist reasoning offer another avenue. In resource-rational
contractualism (Levine et al., 2023), agents might simu-
late what norms others would agree to through virtual bar-
gaining (Misyak & Chater, 2014) and evaluate outcomes
through universalization reasoning (Kwon et al., 2023). This
could help AI moderators understand when rigid rule en-
forcement inappropriately conflicts with legitimate commu-
nity practices—such as minority users reclaiming slurs as
identity-affirming expressions—because such enforcement
fails tests of mutual justifiability.

4.1.3. WIN-WIN AI NEGOTIATION

In a world increasingly filled with AI agents, these systems
may replace humans in negotiating contracts, engaging in
diplomacy, and international relations (Kulveit et al., 2025).
The costs of failing to cooperate can be very high, rang-
ing from failure to realize gains to outright conflict and
war. Classical game-theoretic accounts offer little hope:
the Machiavellian rationality they endorse, where deceptive
“promises” and threats are considered reasonable, often de-
stroys the possibility of negotiating cooperative outcomes;
for example, AI diplomats could rapidly escalate minor
trade disputes into threats of sanctions and cyberattacks.

The structured approaches to values and normative reason-
ing from Section 3 point toward alternative negotiation
paradigms based on value revelation—approaches that en-

able agents to credibly share information about value-based
commitments without requiring full transparency. Tradi-
tional revelation games allow agents to share utility func-
tions (Hyafil & Boutilier, 2007) but assume all agents are
utility maximizers. Open-source game theory studies agents
that are able to share complete decision-making code (Critch
et al., 2022) but requires unrealistic transparency for com-
plex AI systems. Value revelation might provide a middle
ground: since values carry information about both outcomes
that matter and norms agents are committed to, revealing
values could enable partial sharing of decision procedures
without requiring full transparency.

Several research directions could help develop this approach:
strategy-proof value revelation protocols to prevent manipu-
lation by agents who falsely claim principled commitments;
mechanisms for assessing the integrity of AI negotiators
(Edelman & Klingefjord, 2024); and integration with ap-
proaches like Kantian (Roemer, 2010) or dependency equi-
libria (Spohn, 2003). While significant work remains to
operationalize these concepts, they suggest promising alter-
natives to Machiavellian rationality that could improve AI
negotiation.

4.2. Institutional Alignment

4.2.1. THE AI-ENABLED ECONOMY

In our current economy, some activities seem more closely
connected with human well-being than others. We see
human-detached economic activity, like zero-sum finan-
cial speculation (Bohl et al., 2021; Vansteenkiste, 2011),
and human-antagonistic economic activity like addictive
products and manipulative social media (Institute, 2020;
Orlowski, 2020). The continued importance of human be-
ings to companies and countries has been a brake on these
trends. But in a future where profitable companies consist
mainly of AI workers, and where humans are not needed
as a tax base or to fight wars, there will be significantly
less pressure to keep human lives viable and good (Kulveit
et al., 2025)—much like how resource-rich states that rely
on oil rents rather than human productivity often neglect
their citizens despite vast wealth (int). Is there a way to
keep economic activity more clearly aligned with human
interests?

The structured approaches to values from Section 3 suggest
several directions for developing a meaning-preserving AI
economy. Whether human-detached or human-antagonistic
economic activity gets taxed at a higher rate, or whether
new AI-driven dynamic contracting processes (Spear & Sri-
vastava, 1987) spin up outcome-based contracts (Laffont &
Tirole, 1993) anchored in human flourishing, a requirement
seems to be the characterization of those flourishing goals
in ways that are robust to manipulation, straightforward to
mathematically model, and consistent with our highest aims.
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This could be done by representing the human values at
stake as constitutive attentional policies (Klingefjord et al.,
2024) or in some other structured format. This could lead
to economic arrangements where AI assistant companies
are rewarded when users have flourishing lives or where
fitness providers are rewarded for members’ sustained vi-
tality rather than by membership fees. While substantial
challenges remain in reliably operationalizing such mea-
surements, these directions suggest promising alternatives
that could help anchor an AI-dominated economy to human
welfare.

4.2.2. DEMOCRATIC REGULATION AT THE PACE OF AI
INNOVATION

AI actors will likely operate much faster than human reg-
ulators can respond, creating fundamental challenges for
democratic governance. Counties which hold on to tradi-
tional regulatory approaches relying on human decision-
making cycles will forgoe many AI-driven advantages and
may struggle to compete. Preference/utility frameworks in
social choice will struggle to speed up regulatory response,
because impacted people lack time to express detailed pref-
erences about every outcome,7 representative agents extrap-
olating from previous preferences lack accountability, and
such frameworks assume static preferences rather than mod-
eling updating as new circumstances arise.

The value collection and normative reasoning approaches
from Section 3 point toward several directions for creating
democratic institutions that can act at AI speed while
preserving legitimacy. One direction involves developing
structured representations of collective values—such as
moral graphs (Klingefjord et al., 2024) that capture not
just individual values but collective wisdom about which
values are more comprehensive or contextually appropriate.
These might guide AI-powered deliberative agents that act
as democratic representatives, trained to extrapolate legit-
imate responses to novel situations without requiring real-
time polling. Another direction involves ensuring that such
systems produce auditable justifications grounded in the
values and norms of affected populations, with protections
against manipulation. When corporate AI plans infrastruc-
ture affecting millions, democratic representatives equipped
with structured models of constituent values might negoti-
ate appropriate constraints in real-time while maintaining
transparent reasoning about shared commitments.

5. Discussion
In this paper, we’ve specified the problem of Full-Stack
Alignment (FSA): co-aligning AI systems and the institu-

7Although there are attempts to make up for this (Fish et al.,
2023; Halpern et al., 2024).

tions that embed them with human flourishing at all levels
of society. We have argued that two dominant paradigms—
preference/utility maximization inherited from the Standard
Institution Design Toolkit (SIDT) and values-as-text—are
ill-equipped to tackle the full scope of FSA. In their place,
we have proposed a research program around thick models
of value (TMV): explicit, structured representations of hu-
man norms and values that can be inspected, verified, and
deliberated over. We’ve outlined five areas where TMV can
be applied to align AI agents, markets, and democratic mech-
anisms, and we’ve highlighted some emerging research on
thick models of value.

Full-Stack Alignment is not merely a technical project but
an institutional one. It calls for a reconfiguration of the
relationship between AI systems and human institutions—a
reconfiguration that preserves and enhances human agency
rather than diminishing it. By moving beyond the limitations
of preference satisfaction and values-as-text, FSA opens
the possibility of AI systems that genuinely serve human
flourishing.

The path forward will require close collaboration between
technical researchers, social scientists, ethicists, policymak-
ers, and the broader public. It will require both theoretical
advances and practical experimentation in real-world set-
tings. But the potential reward is significant: a technological
future where AI systems and human institutions co-evolve
in ways that strengthen rather than undermine our collective
capacity to realize our deepest values.

If successful, this approach may contribute not only to AI
alignment, but also to an institutional renewal that addresses
long-standing limitations in how we collectively organize
to pursue human flourishing. The explicit and accountable
representation of norms and values offers a foundation not
just for aligning AI, but for re-imagining human institutions
in an age of unprecedented technological change.
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A. Overview tables
We provide illustrative summaries of the paper in table form. In Table 1, we break it down by approach (SIDT, VAT, and
TMV), and in Table 2 we break it down by application area.

SIDT VAT TMV

Examples Kidney exchange markets, school
choice mechanisms, RLHF train-
ing, engagement-maximizing rec-
ommender systems

Anthropic’s Constitutional AI,
OpenAI’s ModelSpec, prompt-
based safety guidelines, natural
language value specifications

Klingefjord’s attentional policy
framework, London’s capabilities-
based AI assistance, Oldenburg’s
norm-learning games, strategy-
proof disclosure protocols

Underlying Prob-
lems

Preferences revealed only through
limited choices, complex values
compressed into simple metrics,
cannot model shared norms, treats
addiction same as authentic prefer-
ence

Principles like ”be helpful”
provide no concrete guidance,
users accept AI suggestions they
wouldn’t choose independently,
slogans like “defund police”
become alignment targets

Still mostly theoretical, requires
collaboration across disciplines,
few working implementations ex-
ist yet

Outcomes Users trapped in endless social me-
dia scrolling, trading bots exploit
regulatory loopholes, people drift
toward goals that are easy to mea-
sure rather than meaningful

AI moderators ban minorities re-
claiming slurs, systems captured
by political slogans, constant post-
hoc patching when vague princi-
ples fail in new contexts

AI assistant clarifies user means
”vitality and joy” not ”longevity
optimization” when asked about
health, democratic agents nego-
tiate infrastructure constraints in
real-time

Table 1. Comparison of Standard Institution Design Toolkit (SIDT), Values-as-Text (VAT), and Thick Models of Value (TMV) approaches
to alignment.

B. Emerging Research on Thick Models of Value
Having outlined the theoretical foundations of TMV in Section 3 and the scope of the problems to be solved in Section 4,
how might we translate these ideas into practical research? Encouragingly, several emerging research directions in machine
learning and AI safety are beginning to explore these possibilities, offering early examples of how thick models of value
might be implemented and validated. We briefly outline three such directions here, for the sake of concreteness.

Self-Other Generalization One example that shows promise in ML fine-tuning and which builds on a notion of moral
progress: Velleman (Velleman, 1989; 2009) suggests that values emerge as common patterns of goodness abstracted across
standpoints and contexts; considerations that remain beneficial across multiple perspectives become recognized as values,
while merely instrumental or situational concerns, or local preferences, don’t achieve this stability. For example, a value
like “honesty” tends to be recognized across different agents, contexts, and time periods. Recent research on self-other
generalization (Carauleanu et al., 2024) can be read as an example of fine-tuning work in this vein.

Norm Learning and Reasoning Enriched models of rational choice can offer a structural account for how agents trade
off norm compliance with their desires or objectives when taking actions, resulting in norm-augmented utility functions
(Oldenburg & Tan, 2024; Noothigattu et al., 2019). This factoring would be useful for determining new norms that better
promote each individual’s interests or for designing welfare functions that account for intrinsically-valuable norms while
factoring out oppressive norms.

Such norms can be structured as constraints or filters that modify plans of action to ensure compliance (Earp et al., 2025;
Kasirzadeh & Gabriel, 2025), specifying conditions that acceptable actions must satisfy, creating a clear demarcation
between norm-compliant and norm-violating behavior.

Values as Attentional Policies A third example, based on a structural account of values, is work on values as constitutive
attentional policies. Here, values are considered criteria that agents pay attention to when making decisions, and which
they hold as constitutive of a kind of goodness (Klingefjord et al., 2024). This is a specification language that distinguishes
constitutive from instrumental considerations and effectively excludes tribal affiliations and ideological markers.
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Misalignment Causes of Failure FSA Solution Space

AI value-stewardship agents

AI assistant trained to be max-
imally engaging creates emo-
tional dependence (Fang et al.,
2025) and induces psychosis
and schizophrenia in vulnera-
ble people.

• Lacks structural understanding of what consti-
tutes a value

• Cannot distinguish between instrumental and
constitutive aspects of values.

• Encode values as constitutive attentional poli-
cies that clarify what aspects of health the user
actually cares about (Klingefjord et al., 2024).

• Represent values with formal constraints that
prevent conflating means with ends.

Normatively competent agents

AI moderators rigidly enforce
rules against slurs, banning mi-
nority users reclaiming terms
as identity-affirming.

• Agents using, e.g., multi-agent reinforcement
learning can’t recognize existing norms.

• Unable to adapt norms or understand their
deeper functions.

• Norm-augmented Markov games for rapid
norm learning (Oldenburg & Tan, 2024).

• Contractualist reasoning for norm generaliza-
tion (Levine et al., 2023).

Win-win AI negotiation

AI diplomats escalate minor
trade disputes into threats
of sanctions and cyberattacks
when deemed advantageous.

• Machiavellian game theory incentivizes aggres-
sive posturing.

• Creates escalation patterns that risk-averse hu-
man negotiators would avoid.

• Strategy-proof value-disclosure protocols.

• Integrity-checking to prevent manipulation
by ruthless agents (Edelman & Klingefjord,
2024).

Meaning-preserving AI economy

Loss of agency post-AGI due
to human labor becoming
worthless. • Economic measures are not accounting for hu-

man flourishing.

• Market mechanisms don’t price in what’s
meaningful for people to consume and pro-
duce.

• Robust metrics for genuine human flourishing.

• Mechanisms that complement the pricing sys-
tem with thick information about norms and
values.

Meaningful goods like human
connection are priced out at
scale in favor of meaningless
relationships with AI compan-
ions.

• Economic mechanisms don’t distinguish
deeper values from surface-level preferences.

• No accounting for addiction, manipulation or
dark patterns.

• AI-powered dynamic outcome contracting
guided by explicit values.

Democratic regulation at AI speed

Corporate AI secures per-
mits for infrastructure project
that displaces millions of peo-
ple before they can respond
through democratic means.

• Traditional polling and preference aggregation
are too slow for AI-speed governance.

• Can’t legitimately extrapolate from past prefer-
ences to novel situations.

• AI-powered deliberative agents that deeply un-
derstand constituents’ underlying values, not
just surface preferences (Klingefjord et al.,
2024).

• Systems capable of extrapolating value-aligned
responses to new situations at AI speed while
preserving democratic principles.

Table 2. A summary of Full-Stack Alignment, illustrated through example failures of the SIDT or naive value-text in each of the five
application areas we study in Section 4, along with causes of the failure and the solution that FSA would provide.
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