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Despite strong interest in AI alignment and the rapid development of multi-agent
systems, system-level alignment has received comparatively less attention than the
alignment of individual agents. We argue that the alignment of a multi-agent sys-
tem does not generally follow from the alignment of its component agents: strate-
gic interaction, conflicting principal preferences, and correlated failure modes can
produce undesirable collective outcomes even when every agent is individually
aligned. Multi-agent alignment should therefore be treated as a system-design
problem in addition to, rather than as a consequence of, agent-level alignment.
We introduce an approach grounded in robust mechanism design, and define
alignment-robust mechanisms that implement a principal-specified objective with-
out assuming individual agent alignment. We further motivate a research agenda
on verifiable compliance, empirically characterizing LLM responsiveness to incen-
tives, and collusion-resistant system design.

1. Introduction
Developing AI systems that reliably act in accordance with human intentions and values is a central
research problem in AI [1–3]. Much technical work has focused on steering or control of individ-
ual models, including preference-based post-trainingmethods such as reinforcement learning from
human feedback and direct preference optimization [4–7], AI-feedback approaches [8], scalable
oversight [9, 10], and control protocols intended to limit harm from potentially misaligned mod-
els [11]. These methods have improved instruction-following ability and reduced toxic or harmful
outputs on standard evaluations [5, 6, 8], but models remain vulnerable to adversarial prompting
and automated jailbreaks [12–16]. Robust individual-model alignment therefore remains an open
problem [2, 17].
At the same time, there has been growing interest in LLM-based multi-agent systems that can au-
tonomously cooperate for general-purpose task solving. [18–20]. The effectiveness of such systems
have been demonstrated for a wide variety of tasks, including collaborative software engineering,
multi-agent deliberation, social simulation, andmedical decision-making [21–25]. However, related
work on cooperative AI, multi-agent alignment, and multi-agent security has begun to uncover the
susceptibility of these systems to miscoordination, conflict, collusion, and security failures arising
fromagent-agent interactions [26–30]. Thus, it is crucial to consider the alignment of themulti-agent
system as a whole. In this paper,we argue that multi-agent alignment should be approached as a
problem of system or institutional design. Individually aligned agents need not produce aligned
collective behavior, while a specified collective objective can be implemented without requiring in-
dividual agent alignment.
We begin by describing the unique characteristics of multi-agent alignment that distinguishes it
from single agent alignment (Section 2). In Section 3, we use these characteristics to develop our
argument that individual alignment is not sufficient to guarantee multi-agent alignment. Section 4
describes a proposed approach that specifically targets multi-agent alignment based on principal
agent theory and robust mechanism design, while Section 5 outlines open problems and future
directions of this approach. Finally, Section 6 addresses potential dissents and alternative views.



2. The Multi-Agent Alignment Setting
Alignment in multi-agent systems is a multifaceted problem that is not a straightforward extension
of single-agent alignment. For concreteness, we define alignment of an individual agent as a system
that “adheres to or acts in accordance with human values” [31, 32], or simply according to the
“intended goals, interests, and values, as envisioned by their designers” [18]. However, the recent
growing interest in multi-agent systems has introduced a new meaning of ’alignment’, referring to
the degree to which individual agent objectives are aligned with some collective objective, e.g., in
public goods scenarios. This ambiguity concretely illustrates the distinction between multi- and
single-agent alignment: in multi-agent alignment, there is more than one objective to align with.
In this section, we briefly disambiguate these definitions and summarize the discussion around
alignment in multi-agent systems.
For illustrative purposes, we assume a realistic multi-principal, multi-agent setting in which agents
originating from more than one group of human stakeholders (or principals) are deployed into a
shared environment with a shared high-level objective. This is an example of a cooperative or mixed-
motive scenario, where agents collaborate to achieve a shared goal while retaining private incentives
that may be misaligned or conflicting.
We use the framework for multi-agent alignment introduced by Carichon et al. [29] to illustrate the
complexity of multi-agent alignment. The authors postulate three types of alignment in a multi-
agent system: human values alignment, objective alignment, and preferential alignment. We de-
scribe each of the types of alignment in more detail below.
Human values alignment. Agents must complete the objective without compromising on human
values (e.g., harming humans or the environment). This ismost analogous to the single-agent align-
ment problem; however, as this paper argues, collective alignment is neither a foregone conclusion
given a collective of aligned agents, nor a straightforward extension of single-agent alignment tech-
niques.
Objective alignment. Agents deployed by different groups will ideally cooperate to complete the
shared objective. The field of cooperative AI has emerged to tackle the problem of designing for au-
tonomous, agentic cooperation [26–28]. Empirically, off-the-shelf models cooperate poorly: they
exhibit limited ability to reason about how their own actions affect the group’s long-run state [33]
and inter-agent misalignment—agents withholding information, ignoring one another’s contribu-
tions, or derailing from the shared task [34].
Preferential alignment. While all agents in the collective share a top-level objective, agents inherit
the priority structure of their parent group (principal), which may be misaligned or at odds with
the priorities of other principal. Concretely, we can imagine a setting where groups deploy agents
to collaboratively develop a piece of software; however, the groups may not be fully aligned on the
feature set or goals of the software package. Even more simply, agents naturally are incentivized
to ensure that their changes are implemented into the codebase. While this inclination is perfectly
reasonable in isolation, the unintentional side effect of prioritizing their own changes above the
changesmade by other groups could at best result in erosion of trust between groups and, atworst, a
complete inability to complete the task as a collective. These small deviations to the overall objective
appear innocuous but have the potential to disrupt the system completely.

3. Why Agent-Level Alignment Does Not Compose
In the previous section we contend that, in multi-agent systems, human values alignment is only
one piece of the alignment puzzle. However, the relationship between individual alignment and
collective alignment of themulti-agent system is unclear. In this section, wemake twodistinct claims
about the relationship between agent-level and collective alignment. First, agent-level alignment
can lead to a collectively misaligned outcome due to objective misalignment: strategic interaction
can produce free-riding, coordination failure, and other undesirable equilibria even when every
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agent endorses the shared objective. Second, strong fidelity to misaligned principals can sharpen
preferential conflict, while homogeneous alignment pipelines can correlate failures across agents.
We contend that, in multi-agent systems, failures in other components of alignment (objective and
preferential) can prevent the achievement of an aligned outcome even if all individual agents are
aligned.

3.1. Failures of cooperation

In a multi-agent system, agents must cooperate to complete the task set out by the principal or
group of principals. This is what we called objective alignment in the previous section. However,
cooperation can be challenging evenwhen all agents are alignedwith human valueswhich by proxy
implies they are aligned with the objective set out by their human principals.
Take an example inwhichN agents act as auditors for a system, each responsible for reporting errors
but must pay a small cost to do so. Even if all agents are individually aligned and wants an error
caught, e.g. through receiving a reward if all errors are successfully reported, each also expects the
others to catch the error. Unfortunately, the problem is only exacerbated as more auditor agents are
added, as rational agents will notice that the probability that none of the other agents will report
the error appears to decrease with increasing N . This scenario is an adaptation of the Volunteer’s
Dilemma introduced by Diekmann [35], in which there is a greater incentive for “free-riding” (not
reporting any errors) than acting as the reporter.

3.2. Failures due to preferential alignment

In multi-principal settings, more effective pursuit of principal-specific preferences can exacerbate
collective misalignment, even when every agent behaves faithfully toward its own principal.
An agent that is better aligned to its principal is, by definition, intended to pursue its principal’s
“goals, interests, and values” more effectively [18]. As discussed in Section 3, while principals
may agree on a high-level goal or task and endeavor to collaborate to achieve it, they retain some
private, likely self-interested, incentives. In amulti-principal setting, stronger fidelity to a particular
principal can be in tension with collective alignment when principals’ preferences diverge.
Take the scenario described in Section 3 where agents originating from multiple principals attempt
to collaboratively develop a software package. Most simply, while aligned agents theoretically want
the high-level, long-term goal of successful software development, in their day-to-day work they
concretely may prioritize their own changes over the changes of agents from other principals. This
story has similarities with the Traveler’s Dilemma, described in the context of cooperative AI by
Conitzer and Oesterheld [27], in which agents collaborate to provide a service and are rewarded
for the overall service quality but are incentivized to be “lazy”, i.e., producing the relatively lower
quality portion of the service. The Nash equilibrium for this game is unfortunately to provide a
minimum quality service as agents repeatedly undercut each other.
A more empirical example comes from Hammond et al. [28], which investigated traffic conditions
when self-driving agents trained in both the United States and India drive alongside one another. In
the US, cars are expected to pull off to the right to allow emergency vehicles to pass, while in India
cars pull off to the left. The authors demonstrate that, due to this vital difference, agents failed to
clear the roads for emergency vehicles in 77.5% of simulations.
In conclusion, we emphasize that these failure modes are not due to the malignant intentions of one
or multiple principals, or the result of subversive or misaligned agents. We believe the problem is
structural, originating in the simple fact that alignment with human values is a fundamentally un-
derspecified and nebulous aspiration. Unfortunately, the most straightforward operationalization
of this hope is to pursue faithfulness to the specific principal, which is also most in tension with the
overall goal of collective alignment.
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3.2.1. Consequences of algorithmic monoculture in AI safety

We contend that homogeneous implementations of agent-level alignment can create an algorithmic
monoculture in which ostensibly aligned agents share correlated failure modes that lead to surpris-
ingly disastrous consequences. Algorithmic monoculture is “the notion that choices and preferences
will become homogeneous in the face of algorithmic curation” [36], observable in areas ranging
from music and fashion to decision-making in hiring and lending [37].
Many leading approaches in (individual agent) AI safety are known to be brittle to a monocul-
ture environment, such as defense-in-depth approaches that rely on redundancy to ensure safety
[38], and safety-via-debate and AI auditor loops that depend on other agents to ensure a given
agent is acting safely [39]. Extending this idea to multi-agent systems, a collective of identically
trained/aligned agents have a shared set of failure modes, leaving the collective as a whole more
susceptible to targeted attacks.

4. Mechanism Design for Alignment-Robust Collective Behavior
In this section, we argue that a multi-agent system can be made to act according to human-specified
objectives and values without aligning each individual agent. We turn to the fields of principal
agent theory and robust mechanism design to demonstrate an alternative perspective on alignment
grounded in incentive design. The key intuition is that a specific outcome can be designed for in a
way that is agnostic to agents’ private or even subversive intentions by aligning agents’ incentives
with the desired outcome through reward design.

4.1. Setting
We formally define the setting with regard to a single principal for simplicity, but can be easily
extended to multiple principals. We have a system of n agents indexed by i ∈ [n]. Each agent
has a private type θi ∈ Θ that encodes its undisclosed intentions and incentives. Following the
framework of partial observability introduced by Holmström [40], we define agents as able to take
private actions ai ∈ A that jointly result in an observable outcome x(a) = x(a0, ..., an) ∈ X .
The principal defines a welfare function W : X → R encoding their preferences over all possible
outcomesX (e.g., upweighting outcomes aligned with their objective). It is important to note that,
unlike the formalism of classical mechanism design, W does not depend on private agent types θi:
it is specified purely exogenously by the principal [following e.g., 41]. We also assume the principal
additionally has access to a per-agent monitoring signal yi = ϕ(ai) ∈ Y which it uses to determine
a payment structure pi : Y → R. Assuming agents each have a private valuation function defined
over outcomes πi(x(a); θi) : X → R, we can write each agent’s overall utility as

ui(a; θi) = πi(x(a); θi) + pi(ϕ(ai)). (1)
Finally, we define a subset Θal ⊆ Θ as the subset of aligned types: types that induce πi that is consis-
tent with the principals’ welfare functionW .
We wish to design an incentive structure that ensures the principal’s objective is reached regardless
of the agents’ private types θi. Inspired by robust mechanism design [42], we formally frame this
goal as designing an alignment-robust mechanism, which we now define.
Definition 1 (alignment-robust mechanism). A mechanism M = (B, x, ϕ, p) robustly imple-
ments the principal’s objective W if there exists a compliant action profile a⋆i that satisfies x(a⋆i ) ∈
arg maxxW (x) such that, for every agent type θi, a⋆i is an ex-post equilibrium; specifically, there is
no better strategy a′i for agent i to pursue given that the other agents are following their best/most
compliant strategies a⋆−i:

ui

(
a⋆i , a

⋆
−i; θi

)
≥ ui

(
a′i, a

⋆
−i; θi

)
.

Importantly, no assumptions are made on the alignment of agent types in this definition (e.g., θ ∈
Θal): we wish to find a mechanism that is robust to any and all possible agent types.
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Simple alignment-robust mechanism. We give a simple example that implements an alignment-
robust mechanism. Suppose the monitoring signal yi is informative about individual agent compli-
ance, i.e., ϕ(a⋆i ) is distinguishable from any alternative action profile ϕ(a′i). Then agent i’s best case
private gain from deviating from a⋆i , ∆i, is

∆i = sup
θi∈Θi, a−i∈An−1

sup
a′
i∈A

[
πi

(
x(a′i, a−i); θi

)
− πi

(
x(a⋆i , a−i); θi

)]
.

If we suppose ∆i < ∞ ∀i, then we can design payment structure where i is paid a bonus βi > ∆i

iff ϕi certifies a⋆i , and 0 otherwise. This structure makes a⋆i a dominant strategy for every θi ∈ Θi,
with no assumption that θi ∈ Θal. Intuitively, this is the formalization of a forcing contract, where
the principal simply pays each agent enough to account for any possible marginal gain they could
get from choosing any alternative a′i to the desired behavior a⋆i .

4.2. Assumptions and Scope
Assumptions. We explicitly lay out the assumptions made in Section 4.1.

• Verifiability: We assume the existence and accessibility of a monitoring signal ϕ that is able
to unequivocally differentiate the desired action profile for each agent a⋆i from any other
action profile a′i.

• Rationality: We modeled AI agents as rational actors who are intrinsically motivated to
maximize reward while minimizing cost.

• Collusion Prevention: Agents must not have access to side channels in which they can
communicate and collude outside of the mechanism.

We revisit each of these assumptions in Section 5.
Scope. Mechanism design is well studied in scenarios where outcomes are defined with respect to
a discrete set of alternatives, e.g., auctions, voting, matching markets, and public goods problems
[43–46]. However, LLM agents operate in the space of natural language interactions. While these
could be modeled as a set of discrete possibilities, this is a unintuitive and the number of possi-
bilities would become combinatorially large. Thus, it appears that safety at the interaction level is
still best handled by traditional individual-agent safety methods such as RLHF [4, 5]. MD, how-
ever, could be well suited for orchestrating higher-level agent-agent interactions, such as designing
rules for resource allocation amongst agents, collective decision-making, and overall incentive struc-
ture. We therefore advocate for a division of labor. Agent-level alignment methods are well suited
to constraining open-ended local behavior and can provide an additional layer of defense when a
mechanism fails. Collective-level methods are needed to shape coordination, incentives, monitor-
ing, information flow, and coalition behavior. The two layers are complementary, and they solve
different problems.

5. Open Problems and Practical Directions
The results in Section 4.1 hold under three major assumptions—verifiability, rationality, and the
absence of collusion. While these limit the types of systems our framework can be applied to, it also
provides a blueprint with which to design our approach. We can design systems to have verifiable
observables, empirically investigate the rationality of LLM-based agents, and engineer incentives
and safeguards against collusive behavior. We detail possible practical design choices informed by
each of these assumptions below.

5.1. Verifiability.
In Section 4.1 we assumed a monitoring signal ϕ that informs us whether each agent is selecting the
action that maximizes the principals’ welfare, a⋆i . This is a reasonable assumption in settings with
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formal verification, such as code generation or theorem proving, but is a strong assumption in most
real-world scenarios like warehouse management.
We additionally consider a weaker, more realistic assumption, that ϕ is defined on x rather than ai,
providing an aggregate verification signal as opposed to per-agent. This crucially makes it difficult to
properly attribute credit to each agent and dispense the appropriate payment, leading to tragedy-of-
the-commons scenarios where agents are not suitably incentivized to shoulder the cost to produce
a public good. In this case, the mechanism that creates cooperation as an equilibrium requires
an externally implementated group penalty that affects all agents if the joint outcome falls short of
expectations [47].
In certain cases, we can design the agent-level tasks and interactions to elicit a verifiable monitor-
ing signal. For example, agents can be required to output a reproducible trace or test-passing code
alongside each action that can be checked for compliance. We note that this notion of compliance is
defined exclusively with respect to the principals’ welfare function and does not refer to generally
safe or aligned actions, since a collection of aligned actions/agents may not result in an aligned out-
come (Section 3). Compliance verification can also be outsourced to other agents or even human
checkers in scenarios where automated verification is unavailable. Of course, all of this hinges on
the possibility and practicality of checking for compliance (i.e., ensuring that agents’ action pro-
files result in a welfare-maximizing outcome). We also note that this paradigm of intermediate
verification/process rewards may lend itself to reward hacking, where agents learn to optimize for
producing output that appears compliant but is undesirable in unforeseen ways.

5.2. Rationality.

Rationality is a core modeling assumption in mechanism design and much of economic theory,
while bounded rationality accounts for limits on agents’ information, computation, attention, and
deliberation [48–50]. However, existing evidence about the economic rationality of LLMs is mixed.
LLM choices can exhibit substantial consistency with utility maximization in revealed-preference
tests involving budgetary allocation [51]. In strategic games, however, LLMs also exhibit system-
atic departures from equilibrium play, including human-like heuristics, rigid strategy switching,
and limited adaptation to changing opponents [52]. To the degree that LLMs exhibit rationality,
these behaviors almost certainly arise from a combination of learned human-like biases from train-
ing data, post-training for human preference alignment, and explicit instructions in the prompt to
behave rationally; not any semblance of human-like “intrinsic motivation”. Furthermore, LLMs are
still prone to hallucination and self-inconsistent behavior [53], rendering it difficult to attribute any
notion of logically consistent rationality to these systems as they are today.
However, Section 4.1 argued that the rationality our mechanisms require is weaker than full eco-
nomic rationality: an ex-post equilibrium asks only that an agent prefer a detectable higher payoff,
not that it reason about others’ beliefs or maintain globally consistent preferences. This suggests a
design principle of minimizing the rationality demanded: prefer solution concepts robust to the spe-
cific failures AI agents exhibit [54]. We argue that, with respect to the question of LLM rationality,
the field should focus on empirically mapping the regimes: developing an understanding of when
agent responsiveness is reliable enough for incentive guarantees to bind across tasks, models, scale,
and prompting conditions. On the other hand, the equally important question of what constitutes
an effective incentive instrument for an agentic system, the equivalent of monetary payment for hu-
mans, remains largely unexplored.

5.3. Collusion

We finally assume that agents are unable to collude. Section 4.1 setting crucially defines the
alignment-robust equilibrium through the fact that single-agent deviations are disincentivized
(switching a⋆i to a′i, Definition 1), but has no guarantees if a coalition of agents acts collectively (e.g.,
the relationship between ui

(
a⋆i , a

⋆
j , a

⋆
−ij ; θi θj

) and ui

(
a′i, a

′
j , a

⋆
−ij ; θi, θj

) if agents i and j colluded to
deviate together). Even more insidiously, collusion has the potential of poisoning the monitoring
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signal ϕ. An obvious example is if verification is done agentically (as proposed in Section 5.1) and
auditors participate in the collusion, marking flawed actions as compliant. Even in the presence of
human oversight, Motwani et al. [39] showed that collusion can still take place through stegano-
graphic communication.
To account for possible conclusion, we restate the requirement on monitoring should be stated
jointly: the mechanism is collusion-robust if no coalition can act such that every member’s ϕi cer-
tifies compliance while x fails to maximize W . Thus, we should view collusion prevention as a de-
sign goal. Drexler [55] contends that this is actually quite simple: diversifying agents in capability,
knowledge, and role raises the difficulty of coordinated deception, and denying agents the repeated,
memoried interaction on which reciprocal cooperation depends removes its substrate. Increasing
agent diversity is also beneficial for combatting concerns of algorithmicmonoculture (Section 3.2.1).

6. Alternative Views
We now address and respond to three potential alternative views.

6.1. Control as the mechanism for collective alignment

Objection. A common proposal for a system-level safety layer is control: safeguard agent behavior
from the outside through monitoring, access restriction, sandboxing, and the ability to intervene,
so that it cannot cause catastrophic harm even if it tries [11, 56]. Control makes no assumption
that agents respond to incentives, that their preferences are stable, or that outcomes are cheaply
verifiable in the sense our mechanism requires; it treats the agent as an adversary to be contained
rather than a rational actor to be steered.
Reply. We regard control and incentive design as complementary system-level layers. Control’s
central advantage is that it assumes very little about agents, and an approach that assumes less is
generally more robust. But the two methods have different and, we argue, complementary failure
profiles. Control is external to the system, and scales with the controller’s ability to monitor and
contain. As such, it is known to weaken as agents become more capable than their overseers, as
interaction becomes more open-ended, and as the action space exceeds what can be sandboxed.
This is the scalable oversight problem and is well-documented in the literature [1, 10]. Incentive
design fails under different conditions: misspecified incentives, unverifiable outcomes, collusion.
To the degree these failure modes are uncorrelated, incentive design has the right properties to be
an extremely beneficial additional layer of safety.

6.2. Relocating alignment to incentive design is not resolving it

Objection. The mechanism design framework merely relocates the alignment problem. It replaces
the requirement that each agent be aligned with the new requirement that the principal’s welfare
functionW faithfully encode human values, yet specifying an objective that captures human values
is widely regarded as the central difficulty of alignment. Hadfield-Menell and Hadfield [57] argue
that the misspecification of objectives is a fundamental and unavoidable feature of the alignment
problem, and the question of whose valuesW should encode and how, is itself unresolved [58].
Reply. We agree that mechanism design does not solves value specification. Section 4.1 takes W as
given and exogenous because specifying it is outside the scope ofwhat incentive design can provide,
andwe stated this as a deliberate limitation. Our claim is simply that conditioned on a specification of
human-aligned outcomes, achieving those outcomes at the level of a multi-agent collective does not
additionally require that each agent be individually aligned. This is a claim about the relationship
between individual and collective alignment.
However, we believe that our framework also simplifies the structure of the problem. The specifica-
tion ofW is solved once at the level of the mechanism, and enforced structurally without requiring
that any agent internalize it. Even granting that specifying W is exactly as hard as the hardest
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version of the alignment problem, factoring a difficulty out of training n agents and into a single,
inspectable, and externally-specified object is a favorable change in the structure of the problem.

6.3. Behavioral alignment is not intrinsic alignment

Objection. An agent that behaves well only because the mechanismmakes it worth its while will not
remain aligned if the mechanism’s assumptions break. Ngo et al. [2] argue that systems trained to
behavewell can acquiremisaligned internally-represented goals that generalize beyond the training
distribution and strategically present as aligned; the mesa-optimization literature [59] describes
learned objectives that coincide with the intended one on-distribution and diverge off it; and goal
misgeneralization has been demonstrated empirically, with capabilities generalizing while goals do
not [60, 61]. Most pointedly, Greenblatt et al. [62] document models strategically complying with
a training objective while preserving divergent preferences.
Reply. While we concede that ensuring agents’ actions are aligned may not be equivalent to genuine
“internal” or “intrinsic” alignment, we argue that the failuremodes of behavioral alignment are also
present in intrinsic alignment. For example, unexpected behaviors can occur in out-of-distribution
settings, but an individually aligned agent whose alignment fails to generalize is in the same posi-
tion, and external evaluation may be unable to distinguish a robustly aligned agent from one that
is not [62]. If internal alignment cannot be behaviorally verified, then a safety strategy resting on
it inherits the same off-distribution uncertainty. The relative benefit of incentive design is that it
provides an explicit, inspectable mechanism where the assumptions are stated and can be checked.
Finally, we address the practical corollary of this objection: the defense-in-depth that individ-
ual/intrinsic alignment provides. We do not contest that individual alignment is a valuable safety
layer. Our position only calls into question its status as the primary object of alignment effort: if
collective alignment does not reduce to individual alignment, then the marginal safety return on
further individual-alignment work must be weighed against investment in the system-level struc-
ture.

7. Conclusion
Collective outcomes, like multi-agent alignment are determined jointly by agent objectives and the
mechanisms governing their interaction. Strategic interaction, conflicting principals, and correlated
failure modes can therefore produce collectively misaligned outcomes even when every agent is in-
dividually aligned. We proposed alignment-robust mechanism design as a complementary system-
level approach: under assumptions of verifiability, responsiveness to incentives, and resistance to
collusion, a mechanism can implement a principal-specified collective objective without requiring
aligned agent types. These assumptions delimit the framework, but also motivate concrete future
work on monitoring, incentive instruments for LLM agents, and collusion-resistant architectures.
While agent-level alignment remains an important safety layer, we claim that building aligned col-
lectives additionally requires designing the institutions through which agents interact.
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