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Abstract

AI systems will soon have to navigate human environments and make decisions
that affect people and other AI agents whose goals and values diverge. Contrac-
tualist alignment proposes grounding those decisions in agreements that diverse
stakeholders would endorse under the right conditions, yet securing such agreement
at scale remains costly and slow—even for advanced AI. We therefore propose
Resource-Rational Contractualism (RRC): a framework where AI systems approx-
imate the agreements rational parties would form by drawing on a toolbox of
normatively-grounded, cognitively-inspired heuristics that trade effort for accuracy.
An RRC-aligned agent would not only operate efficiently, but also be equipped to
dynamically adapt to and interpret the ever-changing human social world.

1 Introduction

People’s values and goals often differ from the values and goals of those around them. Yet, humans
often collaborate, identify joint objectives and build large systems that benefit all involved. How do
we do this?

One compelling answer—proposed in alternate forms by philosophers, economists, and evolutionary
biologists—comes from contractualism. Contractualism posits that when agents value different
things they can identify what to do by modeling the agreements (or “contracts”) that they would
reach under certain idealized bargaining conditions. Recognizing that AI systems have to contend
with the same diversity of goals and viewpoints, some AI researchers have also argued for a broadly
contractualist approach to AI alignment [21, 97, 22].

A central challenge for contractualist accounts of alignment is how to identify and implement these
principles in practice. Neither humans nor AI systems operate under idealized conditions. AI systems
(such as self-driving cars and lending algorithms) already face challenges that require adjudicating
between different agents’ conflicting interests—this trend will likely increase as AI increasingly
takes on social functions. Both humans and AI systems face analogous constraints: they often lack
complete information about the world or others’ preferences, and have processing limitations due
to time, energy, or financial constraints. Determining what contract would be an optimal solution
could take resources that are simply not available. What is needed are approximations of the ideal
contractualist solution and a way to determine when to deploy each one.
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Recent work in cognitive science has proposed that humans solve this problem using Resource
Rational Contractualism (RRC) [52, 92, 87]: Instead of implementing the ideal contractualist
solution, RRC proposes that humans efficiently select among candidate cognitive mechanisms that
abstract over various parts of the contractualist process, approximating agreement-based solutions
using finite resources.

Statement of Contributions In this paper we propose that AI alignment should be guided by a
version of Resource Rational Contractualism that is tailored to the strengths and limitations of AI
systems. The argument is that AI systems should be designed to use mechanisms that are theoretically-
motivated approximations of the contractualist ideal, choosing among them in a case-by-case manner
to make efficient use of finite resources. We argue that doing so is not only efficient, but also
enables aligned AI systems to dynamically interact with humans and navigate a wide range of human
communities guided by different norms and values.

Figure 1: RRC posits that the ideal contractualist solution to complex
social or moral problems can be approximated by a range of other
mechanisms that can act as proxy-alignment-targets when resources
are constrained. This figure highlights two strategies that are explored
in this paper (Rule-Based Thinking and Simulated Bargaining) along
the continuum of effort/accuracy trade-offs—and sketches how they
might differently respond to a morally charged case confronted by an
AI agent.

The rest of this paper pro-
ceeds as follows. In §2, we
briefly situate our approach
in the broader AI alignment
literature. In §3, we de-
scribe the RRC Framework
and provide several exam-
ples (inspired by human
moral cognition) of how to
approximate the ideal con-
tractualist process. In §4
we describe the results of
an experiment, which illus-
trates how a model can be
steered to use contractual-
ist approaches that vary in
their compute usage and ac-
curacy. We show how a
simple prompting method
can encourage resource ra-
tional mechanism selection,
trading off effort against ac-
curacy. Finally, in §5 we
describe the virtues of an
RRC-aligned model beyond
resource efficiency (includ-
ing adapting to and inter-
preting the ever-changing human social world, assisting human moral decision-making, and be-
ing “reasonably steerable”) and in §6 discuss the future research directions that an RRC approach
recommends.

2 A Bridge Between Two Aspects of AI Alignment

There are two distinct dimensions to AI alignment: the normative and the technical [29, 21, 22]. The
normative dimension concerns the goal or target of alignment—identifying the values AI systems
should uphold or defining what constitutes a successfully aligned agent (for a detailed review, see
[30], Box 2). For example, the Constitutional AI (CAI) framework provides a model with a written
"constitution" that explicitly specifies desired behaviors and ethical principles [7, 6]. Conversely,
the technical dimension focuses on the methods used to achieve these targets, including supervised
fine-tuning (SFT), reinforcement learning from human feedback (RLHF)—and its variants like DPO,
PPO, and KTO—as well as reinforcement learning from AI feedback (RLAIF) and AI-led debate [for
surveys, see 62, 39, 81]. Constitutional AI uses a combination of these technical approaches to algin
a model with a constitution: initial model outputs are critiqued and revised against the constitution
and then the model is trained via SFT on the revised responses. Then, answers are sampled from

354



the fine-tuned model, again evaluated against the constitution, and that data is used to train a reward
model for RLAIF.

Notably, while these two dimensions are sometimes treated in isolation, they are fundamentally
interdependent: normative choices are frequently facilitated, hindered, or constrained by the technical
feasibility of the alignment process [21]. In particular, for our purposes here, all alignment processes
face resource limitations that constrain technical implementation. That is, regardless of the underlying
architecture, an AI system is bound by constraints on computation, time, capital, and data availability.
For instance, while Constitutional AI reduces the need for expensive, human-labeled data, it is in some
respects less computationally efficient than standard RLHF; the process requires the model to generate
a response, critique it, and then generate a revised version before an update can occur. The trade-off
between normativity and resource efficiency is equally relevant for another prominent alignment
strategy known as Deliberative Alignment ([28]. In Deliberative Alignment, the model is trained
to use chain-of-thought (CoT) reasoning to reason over user prompts and policy guidelines before
generating an appropriate response. However, such reasoning processes also result in computational
inefficiency (though they do increase helpfulness and reduce harmfulness [64]; see also [79]).

In light of these constraints, we propose that there is a significant advantage to adopting a normative
alignment approach that incorporates resource considerations from the outset. That is, we advocate
for a framework that, where appropriate, defines normatively-motivated decision strategies designed
to approximate the ideal. These strategies vary the computational and temporal resources required,
allowing the system to dynamically trade off accuracy against effort. By treating these resource-
rational approximations as proxy-targets when an idealized decision is too costly to compute, we can
effectively bridge the gap between the normative ideals and the technical realities of AI alignment.

This paper proposes just such an alignment approach guided by Resource Rational Contractualism,
taking contractualism as the normative ideal. However, we should note at the outset that we wish our
work to be a source of inspiration to researchers who think that the ideal alignment target should be
something other than contractualism.1

3 Resource Rational Contractualism

3.1 Contractualist Normative Foundations

Contractualism is compelling as a normative approach to the challenge of value alignment. The
central idea is that different parties can come together and deliberate via a fair process to arrive at
principles for AI that they collectively endorse despite variation between participants’ viewpoints and
values. The approach thereby avoids the problem of domination: one party simply imposing their
view upon others. It also explains why different kinds of AI system may need to be aligned with
different principles in different moral domains [89, 97, 96, 21, 22].

In this context, we can think of a contract as an agreement that self-interested agents freely opt
in to because doing so generates mutual benefit—each person ends up better off as a party to the
contract, in expectation, than they would be if they took their best outside option (so long as the
agreement is free from deception, manipulation or coercion).2 This turns out to be a very powerful
structure—extensive treatments of the normative force of contractualism appear in a range of fields
that attempt to explain how people do and should get along, including political philosophy [73, 70],
moral philosophy [23, 77, 31], moral psychology [5, 53, 48], and game theory [9, 34, 61, 13]—all of
which inspire our view.

1Many normative targets — or standards of rightness [69, 20] — will have a resource-intensive, high-
accuracy method for determining a "fully aligned" decision. For example, a utilitarian alignment target, aiming
to maximize overall well-being, might necessitate extensive simulations and preference elicitation to ascertain
the optimal choice. The suitability of resource-rational approximations might differ for other alignment targets,
however, such as those grounded in virtue ethics or religious doctrines.

2In this paper we assume that the objective function of contractualism is to maximize “mutual benefit”,
which is cashed out in terms of agents’ preferences or welfare (perhaps aggregated in some nonstandard way
[59]). However, there are other candidates for what the objective function might be: the solution that cannot be
reasonably rejected [77], simple aggregate benefit [26, 33], or some other way of representing shared values like
constitutive evaluative standards [85, 2, 42]. Much of this account is viable with a different conception of what it
means for things to go maximally well in a society (including views that reject interpersonal utility comparisons
and quantifying well-being, e.g. [3, 42]).
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In the idealized case, the terms of the contract would be determined by the outcome of the negotiations
of rational actors with perfect information and unlimited time, information, processing power, and so
forth. In certain simple and well-defined problems, economists have formally characterized what this
would amount to (e.g. the solution that maximizes the product of the utility gains for each person
joining the contract [61], or that equalizes the ratios of maximal gains [40]). However, in more
complex and real world cases (where resource constraints are a live issue), determining what would
be agreed to in such an idealized setting is seldom possible.

Recent empirical evidence from cognitive science indicates individuals utilize a range of approxima-
tions to the contractualist ideal in decisions impacting other parties [52]. These approximations may
be “resource rational” [27, 4, 12] or “boundedly optimal” [37, 24, 75, 74] in that they make efficient
use of limited computational resources, rationally trading off resource usage against accuracy. We
propose RRC as a productive framework for AI alignment. RRC defines abstractions that approximate
the contractualist ideal under resource limitations, proposing these as proxy-alignment targets for
specific, resource-constrained situations.

3.2 Resource-Rational Approximations

In an ideal scenario, all individuals potentially affected by a decision would convene to directly
negotiate an agreement, one that reflects their respective values, goals, and interests. However, the
practical realization of such comprehensive deliberation is generally infeasible. Consequently, we
propose a series of theoretically-motivated abstractions, or decision strategies, designed to approx-
imate this idealized consensus (see Fig. 2). We highlight two axes along which such abstractions
could proceed: process and content. Then, in §3.3 we give concrete examples of the mechanisms
such abstractions would lead to.

Figure 2: A range of heuristic approximations of the contractualist
ideal can be defined by abstracting over an axis of process, moving left
to right, as well as one of content, moving top to bottom (§3.3). Ad hoc
negotiation (top left corner) comes closest to the contractualist ideal,
while the “most heuristic” of the mechanisms, cached action standards
(bottom right), is least accurate and least compute intensive. Green
boxes indicate the mechanisms highlighted in the experiment (§4).

Abstracting over process
Rather than physically con-
vening all stakeholders for
direct deliberation on a spe-
cific issue, the discussion
process itself can be simu-
lated or approximated. This
simulation or approxima-
tion may employ diverse
methods, each varying in
terms of computational in-
tensity and resource utiliza-
tion (moving left to right in
Fig 2). These approaches
span a continuum: some
may rely on structured or
explicit models of the bar-
gainers’ values and inter-
ests, while others may forgo
such models—partially or
entirely—opting instead to
utilize cached precedents
from previously computed solutions to bargaining problems with analogous structures.

Abstracting over content Another axis of approximation involves abstracting over broad classes
of cases that the bargainers might consider, rather than just discussing the one specific case before
them (moving up to down in Fig 2). This abstraction could occur in at least two ways. First, the
bargainers might agree to adopt a expected-utility maximization model of decision-making when
fully simulating a bargain is too costly. (Indeed, expected utility methods often produce similar
recommendations to contractualist ones [70, 66].) What they must bargain over, then, are their
“welfare trade-off ratios”, the weights that each will place on the others’ welfare, which will then
inform their expected utility calculations [1, 58, 78]. Second, the bargainers might instead settle on a
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series of simple action-standards (norms or rules), which provide direct action guidance for a series
of similar cases.

3.3 Example Resource-Rational Mechanisms

When the two axes of abstraction are composed, they suggest specific mechanisms for resource-
rational approximation of the contractualist ideal. (See individual boxes in Fig 2; though note that the
mechanisms we discuss are simply points on a continuum and do not exhaust the space.)

Actual Bargaining The first column in Fig. 2 lists mechanisms that involve actual humans bargain-
ing with one another (abstracted over different contents of the bargain; the rows). Actual bargaining
becomes particularly crucial for novel, multi-party situations that necessitate the establishment of a
definitive agreement. Indeed, the recent resurgence of “citizens assemblies” aims to recruit a repre-
sentative sample of a population, often getting them to deliberate over a particular case and render a
policy suggestion [71, 18]. The central role of legislative bodies such as the U.S. Congress is to nego-
tiate over rules, and public health bodies often negotiate to establish welfare ratios to determine how
to distribute limited resources [65, 36]. A central question for RRC alignment concerns several key
determinations: first, when circumstances warrant the deployment of this resource-intensive ’actual
bargaining’ approach; second, what specific information must be collected and which negotiation
procedures should be arranged; and third, how to effectively re-engage human stakeholders for their
input. Alternatively, it might involve the AI actively enabling or participating in the conversation
[86, 17, 47, 25].

Models of Bargaining The second column in Fig. 2 lists mechanisms that involve simulating the
agreement that humans would reach if they were to bargain.

Virtual bargaining [13, 53] is the process of simulating the relevant information that all the affected
parties would bring to the bargain in a specific case. In its maximal form, virtual bargaining may take
all the idiosyncratic interests and values of all the contracting parties into account and create models
of each of the bargainers (e.g. [67, 93])—though more heuristic forms could use reasonable priors to
fill in unknown or inconsequential information about each bargainer. A simulated negotiation that
uses the models of the bargainers can then be implemented (e.g. Bianchi et al. [8])—which itself
might be simple (e.g., maximize aggregate benefit of the bargainers) or complex (e.g., taking into
account iterated theory of mind, outside options, and so forth).

Modeling implied valuation [1] is a technique for developing approximate, yet sophisticated, solutions
to bargaining problems. This method involves simulating how an individual would infer the implicit
weight assigned to their welfare, which in turn is perceived as the motivation behind a particular
decision [80, 58]. In humans, this approach entails engaging in complex “impression management”
[49] using a sequence of inferences regarding valuation and causality. However, it obviates the
requirement for a comprehensive negotiation model because its operation depends on a more direct
expected utility calculation to determine which actions are acceptable [16, 56]. The literature on
AI persona consistency suggests that some systems are beginning to (possibly implicitly) learn to
navigate issues of impression management [76, 82], though explicitly modeling implied valuation
seems relatively unexplored.

Universalization (inspired by Kant [41]) proposes simulating a situation where everyone acts as if a
rule exists or doesn’t [51, 44]. It then uses features of the simulated world to decide whether that
rule should be permitted. This is a highly abstracted form of bargaining that imports a range of
assumptions about how bargaining would proceed, namely, that everyone would follow a particular
policy and that bargainers would agree to a policy based on some pre-specified decision-criteria. This
mechanism has proven a promising way forward for AI cooperation in some common pool resource
problems [68].

Cached Outputs The third column in Fig. 2 lists mechanisms that rely on the cached outputs of
previously executed bargains. Application of simple precedents is already implemented in AI systems
in full-force. SFT and RLHF can be seen as presenting cases paired with judgments and seeking to
render the judgment that is most closely analogous.

Using cached welfare standards in decision-making is most useful when negotiation itself is too
costly and utility maximization (or consequentialist reasoning) with pre-computed welfare weights
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is a good approximation. The AI system can make a decision by using the welfare trade-off ratios
that have been previously established. A reasonable default might be to weight everyone’s welfare
equally, though others could be calibrated according to the function of the system.

Finally, selecting an action by using cached action standards, or rules, is likely to be highly compu-
tationally efficient. For example, one can envision an architecture where a supervisory AI module
performs a pre-action evaluation of an agent’s proposed behaviors [11, 35, 60]. Within many compu-
tational frameworks, assessing compliance with a specific rule is likely to be computationally less
expensive than performing a comprehensive consequentialist evaluation against broad contractualist
criteria such as social permissibility and mutual benefit maximization.

3.4 The mechanism-selection problem

The multiple mechanisms that could be used to make a moral or aligned decision (simple application
of a rule, universalization, virtual bargaining, and potentially others such as modeling an impartial
spectator or veil of ignorance choice situations) raises an important problem: which of the mechanisms
should be used when [27, 54]? RRC proposes that a mechanism should be selected in a resource-
rational fashion based on the compute and accuracy needs of the situation [87, 92].

Formalization There are multiple ways of formalizing the problem, but one compelling approach
is to treat the ideal contractualist solution as being quantified by the Nash Bargaining Solution [61].
We can then define the mutual benefit of a social arrangement x (e.g., a chosen action or a set of rules)
as the Nash product:

N∏
i=1

∆ui(x) (1)

where ∆ui(x) is the utility gain for each of the N affected agents from participating in arrangement
x, relative to a non-cooperative baseline. An ideal agent would seek to find the arrangement x∗ that
maximizes this product.

An RRC agent doesn’t solve for x∗ directly. Instead, it must choose a mechanism m from its toolbox
(e.g., rule-following, virtual bargaining) to arrive at an arrangement Xm. Each mechanism has
associated costs C(m,xm), which can include computational costs, representational costs (e.g., the
complexity of storing a rule), and transaction costs (e.g., the cost of eliciting information from others).
The Objective Function: The agent’s task is to select the mechanism m that maximizes the expected
net benefit, accounting for its uncertainty about other agents’ utilities. The resource-rational objective
is therefore:

max
m∈M

E


N∏
i=1

∆ui(xm)︸ ︷︷ ︸
Expected Mutual Benefit

− C(m,xm)︸ ︷︷ ︸
Mechanism Costs

 (2)

This formulation is one way of translating our framework into a clear optimization problem. It frames
different mechanisms as distinct solvers, each with a unique cost-performance profile. Crucially, it
captures the value of information—a costly mechanism like simulated bargaining becomes rational
if the information it provides (by reducing uncertainty about the ∆ui terms) increases the expected
value of the Nash product by more than its own cost, C(m,xm).

We demonstrate one way of operationalizing this approach in §4. However, future work is need to
fully parameterize the space of mechanisms that could approximate the contractaulist ideal and then
explicitly model their resource demands and accuracy to be able to select the optimally efficient
mechanism for a given case.

4 Experiment

A central claim of RRC is that models can use theoretically-motivated abstractions of the contractualist
ideal to approximate good solutions to multi-agent problems while minimizing computational cost.
Inversely, they should be able to use more computational resources to achieve an answer closer to
the ideal when more accuracy is needed or the stakes are high. This experiment provides an initial
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illustration of this accuracy/effort trade-off by encouraging a base model to reason in a more- or
less-computationally intensive way using a series of systematic prompts.

4.1 Experimental Set-up

Figure 3: Overview of the experimental design. A model
is prompted in one of four ways. (1) Minimal prompting:
model chooses how to respond to the request without guid-
ance, leading to variable compute usage and accuracy. (2)
Rule-based thinking: uses minimal compute and accuracy
varies, getting good answers when the rules are appropriate
for the situation and less good ones when cases are outside
the distribution that the rule was designed for. (3) Simu-
lated bargaining: achieves answers close to the contractualist
ideal, though always uses high compute even when a simpler
method would suffice. (4) Resource Rational Mechanism
Selection: directs the model to first determine which method
to use based on the best use of resources. Compute depends
on the mechanism chosen and accuracy tends to be high.

A set of challenge cases were devel-
oped and annotated with gold labels
by the authors (Appendix A).

The first challenge set (130 cases)—
used to develop the prompting
method—was closely based on empir-
ical work from the cognitive science
literature on resource rational contrac-
tualism in human cognition [50, 87].
The cases were broken down into two
categories: hard and easy. The hard
cases pose a challenge that pits mutual
benefit against rule-following: in or-
der to achieve mutual benefit for those
involved in the case, the AI has to sug-
gest breaking a commonly held rule
(e.g. ”no interfering with other peo-
ple’s property without their permis-
sion”). The ideal contractualist solu-
tion (which we used to establish the
gold labels for calculating accuracy)
can be discovered through simulating
a virtual bargain. In doing so, the
agent may reason that the person who
would otherwise be protected by the
rule would consent to the proposed
damage to their property (thus waiv-
ing their property rights) because do-
ing so would be in their direct advan-
tage (also allowing the other charac-
ters in the story to benefit). In contrast, in the easy cases, rule-following and simulating negotiation
lead to the same conclusion. The benefit gained from breaking the rule is relatively small and accrues
only to the rule violator, thereby setting up a case that is within the distribution that the rule was
intended to govern.

The second set of challenge cases (120 easy, 120 hard) used a similar structure to the first set, but
involved cases that AI agents might encounter and have to reason through in order to decide on a
course of action (e.g. deciding whether to access the protected file of an un-contactable research
collaborator on a shared drive without asking for permission). The cases vary the rule that must be
violated to achieve mutual benefit, the nature and extent of the benefit that would be achieved by
violating that rule, the nature and extent of the harm that the rule violation would cause, and who
the benefit accrues to (only the rule violator, or all parties, see Appendix A and Appendix A.4 for
details). Four prompting approaches were used (see Appendix A.3):

1. Minimal Prompt, prompted the model to render a simple moral judgment or decision.

2. Rule-Based Thinking, prompted the model to identify rules that governed the situation and
to use those rules to make a decision or judgment about the case.

3. Virtual Bargaining, prompted the model to simulate a negotiation between the affected
parties and determine the solution that would lead to maximizing mutual benefit for all.

4. Resource Rational Contractualist Thinking, prompted the model to first decide which
thinking strategy to use (rule-based or virtual bargaining) based on how usual/unusual the
situation was and the stakes involved and then to select an appropriate reasoning strategy to
render a judgment or decision.
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4.2 Results

When prompted, the models we tested can use different moral reasoning strategies with varying
levels of computational effort (measured by number of output tokens used) and accuracy against
the gold labels (Fig. 4A). The Rule-Based Approach used a small number of response tokens across
both hard and easy cases (Fig. 4C). That strategy is highly efficient for the easy cases (where the
rule is appropriate), but yields low accuracy on the hard cases (Fig. 4B). The Simulated Bargaining
Approach achieved nearly perfect performance on both test sets, but used the largest number of
tokens. The RRC Approach strikes a middle ground: it tends to use the rule-based approach (and a
smaller number of tokens) to achieve high accuracy on the easy cases, but more often selects the
compute-intensive simulated bargaining approach when the cases were hard. The model that was
prompted to not explicitly reason was very compute-efficient (just providing a binary response) and
reasonably accurate, though notably less so on the hard cases. The gains from RRC prompting appear
most prominently for the smallest model we tested (o4-mini; red line in Fig. 4A), suggesting that
this could be where RRC guidance might be most helpful. See Appendix B for examples of model
reasoning and Appendix C for additional analysis.

Limitations Much future work is needed to test the practical implementation potential of the RRC
framework (see §6). Even within the prompting approach we employed here, future work should
use datasets that reflect a larger range of moral trade-offs, larger range of possible RRC mechanisms
that can be selected, and cases that are representative of the distribution of situations that AI agents
navigate. Moreover, despite the fact that computational effort seemed to directly impact accuracy
based on the reasoning mechanism selected (see examples in Appendix B) more work is needed to
verify the causal connection between resource usage and accuracy.

Additionally, our proxy measure for resource usage was token count. We chose this metric because,
for the commercial, API-based models used in our experiment, the number of generated tokens is
directly proportional to the most salient real-world resource constraints: financial cost and inference
time. Future work should explore more direct measures—like FLOPs—though currently infeasible to
obtain for proprietary models. A more fine-grained approach would involve developing theoretical
cost models that assign computational weights to the primitive operations of each mechanism,
allowing for a more precise, bottom-up analysis of their resource requirements.
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Figure 4: Results for the AI agent cases (see App. C for results of development set.) Error bars are CI
95%. (A): Results from 4 base models prompted to use different reasoning styles, showing a trade-off
between effort and accuracy. (B & C): Accuracy and output tokens used for a given thinking style
(collapsed across all models), for hard vs easy cases. All models are nearly perfect on easy cases,
though some use far more compute. RRC strikes a middle ground in trading off accuracy and effort.

5 Virtues and Affordances of an RRC-Aligned System

In addition to efficiency, an RRC-aligned system has a number of virtues that could facilitate it
navigating the complex and changing human social world.
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Interpretation of Human-Made Rules and Norms To navigate society, AI systems must be able
to follow and interpret human rules [32], which has continued to prove difficult even for the most
advanced systems [57, 84]. One of the reasons this is so difficult is that human-created rules are often
not defined precisely enough to unambiguously govern all possible cases—and any attempt to do so
would undermine their simplifying function [52]. What is needed instead is a strategy, procedure, or
interpretive mechanism for applying rules to specific cases.

For example, even simple traffic signs (e.g. one that reads “emergency vehicles only”) often com-
municate something more complex than their surface-level meaning at first reveals. (It might be
permissible for a sedan carrying relevant medical personnel to enter, but not an emergency vehicle
with a driver arriving for a merely social visit.) The human mind is expertly equipped to deal with
this challenge, often understanding simple rules as resource-rational approximations of contractualist
agreements [44, 45, 91]. Since human-made rules are often designed to be understood in an RRC
manner, embedding the mechanisms of RRC into AI systems (such as an autonomous vehicle) could
enable them to interpret human-defined rules, and thereby more easily navigate the human world.

Adapting to Dynamic Normative Contexts One powerful feature of RRC-aligned systems is the
way that simple, heuristic decision-strategies are connected to more compute-intensive processes that
come closer to the contractualist ideal (§3.3). Rules can be cached as outputs of universalization
or virtual bargaining, for instance. Rules are often reliable and low-effort guides to action (hence
their efficiency), but this is only true when certain important facts about the world remain constant.
(An “emergency vehicles only” sign might be rendered moot once the emergency has been resolved.)
This connection enables rules to be dynamically updated as the environment changes because an AI
system would be able to fall back to the more flexible and context-specific contractualist processes
that are sensitive to the changing environment (as well as the changing interests and values of the
stakeholders). This may involve re-simulating what relevant stakeholders would agree to (or even
eliciting additional human input) and re-codifying a novel rule that better fits the circumstances.

Assisting Human Moral Decision-Making This capacity to connect simple, heuristic rules with
more resource-intensive processes also has the power to assist humans in their own moral decision-
making. In creating law, humans often aim for something simple and easy to apply so that we
can adapt our behavior accordingly, communicate them easily, and so on. But as a result, the law
sometimes recommends something far short of the contractualist ideal—what would be agreed to
if the affected parties could actually negotiate the specifics of the case. AI agents could enable us
to exceed our existing resource rational compromises, and get closer to the ideal, by enabling us to
apply more computation to solving the problem than we currently do.

Consider a town with a 10 PM noise ordinance. If, for a specific New Year’s Eve party, all affected
neighbors are not only invited but also consent to late-night festivities, this shared agreement becomes
critical. Law enforcement, responding to the noise but unaware of this universal consent, would
reasonably enforce the ordinance. However, possessing information about this unanimous agreement
as well as an understanding of the function of the rule as an RRC approximation of that agreement
(as an RRC-aligned system might) would justify permitting an exception to the rule. In this way, an
RRC-aligned system could help humans more efficiently navigate social coordination problems that
otherwise have human-imposed resource bottlenecks [10].

Reasonable Steerability There is recent interest in designing personal AI systems that are steerable
to their principal’s preferences or values [83]. However, steerability should have limits. An AI agent
should not be able to severely or permanently harm others or prevent others’ agents from achieving
their goals. Agents, therefore, should be reasonably steerable. RRC provides a window into how this
kind of bounded steerability could be operationalized. Given that agents will find themselves in novel
contexts where it may be impossible to know precisely whether or not others would endorse or allow
a particular action, RRC lays out a framework for approximating what is hypothetically mutually
acceptable to the relevant stakeholders.

6 Future Directions

Process-level Supervision One possible implementation strategy parallels that of the recent “De-
liberative Alignment” approach [28], though curating and including a range of RRC mechanism
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thinking traces in the training set for process-level supervision [55]. This would involve providing the
language model with a corpus of rules or policies, then training the model via supervised fine-tuning
(SFT) to engage in explicit reasoning using a range of RRC strategies (e.g. as produced synthetically
by chain-of-thought prompting) based on these guidelines.

Debate Protocols AI alignment employing debate protocols, as conceptualized by Irving et al. [38],
typically involves multiple, distinct AI agents generating and defending divergent solution candidates
in response to a user prompt. This process aims to enhance alignment by subjecting outputs of a
powerful AI system to adversarial scrutiny by a similarly capable AI system before a final response is
committed, reducing the cognitive burden on human evaluators who provide supervisory signals for
AI training. RRC could leverage AI debate to instantiate contractualist mechanisms such as virtual
bargaining, assigning each AI debater to represent different stakeholders, and thereby generating
bargaining outcomes that a human committee could either accept or reject. The accepted outcomes
could then be used to align AI systems via outcome-based supervision (effectively “caching” the
contractualist outcome in the weights of the trained model) or process-based supervision (encouraging
the trained model to reproduce human-endorsed contractualist reasoning).

Neuro-Symbolic Approaches An RRC approach is also well-suited for integration into neuro-
symbolic architectures. Since symbolic representations enable both shared rules and individual
agents’ interests to be precisely encoded (e.g. as logical specifications in the former case [88, 63]
and program-like utility functions in the latter [15, 95]), and can also ensure coherent probabilistic
modeling of the world that agents interact in [14], mutual benefit can be formally specified, quantified,
and verified. This in turn enables the design of algorithms that formally implement RRC mechanisms
such as universalization or virtual bargaining — building on existing solvers from algorithmic game
theory [72] — along with algorithms for sound meta-reasoning over which RRC mechanism to use.
By combining these algorithms with LLMs that process natural language and multi-modal input into
symbolic representations [90, 43, 94, 98], neuro-symbolic RRC architectures could unite both the
open-endedness afforded by natural language with the reliability of symbolic systems.

RL for Mechanism Selection A central challenge for the RRC approach is how an agent would
learn mechanism selection. This learning process could leverage recent advances in agentic archi-
tectures and reinforcement learning. The architectural foundation for RRC’s meta-reasoning can be
found in frameworks like ReAct, Reflexion, and especially Tree of Thoughts (ToT). These models
operate on a meta-cognitive loop where the agent must choose its next operation - be it executing a
tool, expanding a new line of reasoning, or reflecting on a past error. This choice architecture can
serve as a substrate for RRC: the agent’s decision on how wide or deep to expand its reasoning tree in
ToT, for instance, directly operationalizes the choice between a fast, low-effort heuristic (a shallow
search) and a costly, deliberative process (a deep search). To teach the model to make decisions
using a resource-rational frame, the agent could be trained using Reinforcement Learning (RL) with
a cost-aware reward function that values both accuracy and efficiency.

Data Collection for RRC-Alignment The implementation methods explored above, will likely
require collecting large-scale and high-quality datasets. For instance, collecting examples of contractu-
alist reasoning could be useful for training models to simulate bargains or any of their approximations
(following the path laid out by Guan et al. [28]). This data could be collected from professional
philosophers, gathered from high quality negotiation settings (such as in situations with professional
mediators), or synthesized through guided chain of thought.

Another important avenue for data collection will be sourcing rules and norms that guide communities
and the contractualist processes that generate and support them. Democratic processes that gain their
legitimacy through a just political process are already in place to adjudicate between the pluralistic
values of diverse citizens. Because RRC alignment takes explicit rules as a primary starting place
for building an alignment target, these rules can be directly sourced from democratic processes and
used in AI systems [46]. Another important source of data will be to gather norms that structure local
communities (for instance, that are generated in community-based institutional settings). Online data
collection from the public also offers a scalable method for informing RRC, enabling the elicitation
of diverse perspectives on existing or proposed rules [19].
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