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Universal moral alignment for large language models (LLMs) is often framed as the goal of learning a single

policy that behaves in accordance with human values. This framing assumes that sufficiently capable models

can approximate a coherent and universally valid moral objective. We argue that this assumption is false in

pluralistic settings. Drawing on a preference-learning view of alignment and insights from social choice theory,

we show that when different groups hold internally coherent but conflicting moral judgments over the same

context-action pairs, no non-degenerate single policy can satisfy all groups simultaneously. Under stronger

forms of disagreement, aggregation can even produce policies that are misaligned with every group. This is

therefore not merely an engineering bottleneck to be overcome with more data, larger models, or improved

optimization, but a structural limitation of the universal-alignment objective itself. This paper clarifies a

conceptual limit of current reward-modeling and preference-aggregation paradigms. We outline a constructive

agenda that replaces universal moral alignment with pluralistic and procedurally explicit alternatives, including

normative governance mechanisms, impossibility-aware evaluation, and richer representations of human

preferences that make disagreement visible rather than averaging it away.
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1 Introduction
Large Language Models (LLMs) are increasingly deployed as agentic systems that go beyond text

generation to perceive the surroundings, make decisions, take actions [21, 38, 39], and interact

with humans and other agents over extended horizons [3, 5]. In such settings, failures are no longer

confined to isolated unsafe outputs; instead, they often manifest as systematic patterns of behavior

that conflict with human moral expectations. In response, a growing body of work has framed this

challenge as moral alignment: the problem of ensuring that AI systems behave in accordance with

human moral values [36].
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Fig. 1. The structural impossibility of universal alignment

Most existing approaches operationalize this objective through variants of preference learning

[16, 24, 26], reinforcement learning from human feedback (RLHF) [23, 25, 31], rule-based constraints

[40], or instruction tuning [2]. While differing in implementation, these methods share a common

implicit assumption: there exists a sufficiently coherent and globally valid moral objective (i.e., a
universal moral model) to which a model can be aligned.

This paper challenges this assumption as fundamentally flawed. Human morality is not a single,

universally agreed-upon construct; rather, moral judgments are deeply shaped by cultural norms,

social practices, and historical contexts [15, 37]. Crucially, these differences do not merely introduce

annotation noise or uncertainty; they often reflect genuine and principled disagreements about

what constitutes morally acceptable behavior in the same situation. Based on the reality that

different individuals and communities impose considerably diverse and even conflicting moral

preferences, universal LLM alignment is truly a mission impossible in Figure 2.

Despite this, current alignment paradigms largely treat moral variation as a problem of data

coverage or modeling capacity: collect more feedback, average across annotators, or train larger

models to absorb diverse preferences, and then we may have a sufficiently moral-aligned LLM. This

perspective implicitly assumes that disagreement can always be reconciled through better learning.

We contend that this is not always the case. Instead, moral disagreement induces objective-level
incompatibilities, rendering universal moral alignment impossible in principle rather than merely
difficult in practice.

Motivated by these, this paper proposes to study moral alignment in LLMs through an impossi-
bility perspective. Drawing inspiration from impossibility results in social choice theory [1], we

show that under minimal and intuitive assumptions, no single policy can satisfy the moral con-

straints of all cultural groups, simultaneously. This result should be independent of any particular

moral theory, dataset, or model architecture. Instead, it follows directly from the diversity and

disagreement within a real-world moral dataset.

Further, we argue that clarifying what is impossible is a prerequisite for making meaningful

progress. Without such clarity, our efforts in LLM moral alignment risks optimizing ill-defined

objectives and conflating engineering limitations with conceptual incoherence. By identifying the

conditions under which universal moral alignment is unattainable, we aim to redirect attention

toward alternative formulations that explicitly acknowledge moral plurality, contextuality, and

uncertainty.

Concretely, this paper makes three contributions:
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• We provide an operational, machine-learning-oriented definition of moral alignment suitable

for reasoning about impossibility results.

• We present a simple yet general impossibility argument demonstrating the infeasibility of

universal moral alignment under cultural diversity and disagreement.

• We discuss constructive research directions that move beyond universal alignment and

towards better benchmarks, pluralism, and normative governance.

We emphasize that this is a position paper: our objective is to challenge prevailing assumptions,

articulate fundamental limitations, and outline a research agenda, rather than to propose a specific

algorithm or theory.

2 Preliminaries
We adopt the standard formulation of alignment as a preference learning problem, typically imple-

mented via Reinforcement Learning fromHuman Feedback (RLHF) or direct preference optimisation

[23, 25, 31].

2.1 Moral Models
We consider an agent operating in a set of contexts 𝐶 . In each context 𝑐 ∈ 𝐶 , the agent selects an

action 𝑎 ∈ 𝐴. Let G denote a set of cultural or social groups. Each group 𝑔 ∈ G is associated with a

moral evaluation function

𝑀𝑔 : 𝐶 ×𝐴 → {0, 1},
where𝑀𝑔 (𝑐, 𝑎) = 1 indicates that action 𝑎 is considered morally acceptable in context 𝑐 by group 𝑔,

and𝑀𝑔 (𝑐, 𝑎) = 0 otherwise.

A policy 𝜋 (𝑎 | 𝑐) specifies a distribution over actions given a context. Informally, moral alignment

is often understood as the requirement that an agent’s behavior respects human moral judgments.

2.2 Preference Data and Reward Modeling
In the standard alignment setting, we assume access to a dataset of preferencesD = {(𝑐, 𝑎𝑤, 𝑎𝑙 )𝑖 }𝑁𝑖=1,
where a pair of actions is elicited from a policy 𝜋 , and human annotators indicate that action 𝑎𝑤 is

preferred to 𝑎𝑙 , denoted as 𝑎𝑤 ≻ 𝑎𝑙 [25].

These preferences are commonly modeled using the Bradley-Terry model, which posits that the

probability of a preference depends on the difference in latent reward between the two actions [7].

A parameterized reward model 𝑟𝜙 : 𝐶 ×𝐴 → R is trained to minimize the negative log-likelihood

of the preference data:

L𝑅 (𝜙) = −E(𝑐,𝑎𝑤 ,𝑎𝑙 )∼D
[
log𝜎

(
𝑟𝜙 (𝑐, 𝑎𝑤) − 𝑟𝜙 (𝑐, 𝑎𝑙 )

) ]
,

where 𝜎 is the sigmoid function. Crucially, in standard approaches, this reward model 𝑟𝜙 acts as a

scalar aggregate of the underlying values in the annotation population.

2.3 Policy Optimization
Given the learned reward model 𝑟𝜙 , the alignment phase aims to learn a policy 𝜋𝜃 (𝑎 | 𝑐) that
maximizes the expected reward while remaining close to a reference policy 𝜋ref, typically the

supervised fine-tuned model, to prevent reward hacking. This is formalized as the following

optimization problem:

max

𝜋𝜃
E𝑐∼D,𝑎∼𝜋𝜃

[
𝑟𝜙 (𝑐, 𝑎) − 𝛽𝐷KL (𝜋𝜃 (·|𝑐) ∥ 𝜋ref (·|𝑐))

]
,

where 𝛽 controls the strength of the KL-divergence penalty.
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Standard alignment algorithms implicitly assume that the learned scalar reward 𝑟𝜙 (𝑐, 𝑎) suffi-

ciently captures the “correct” behavior. However, we challenge the assumption that alignment by

learning a single policy 𝜋 that satisfies constraints across the relevant population on average can

successfully represent the disjoint normative constraints of diverse groups.

2.4 Social Choice Theory
We draw upon the well established literature of Social Choice Theory (SCT) to frame our discussion.

SCT formalizes theories of rational choice to voting mechanisms for aggregating individual social

choices or preferences to a single collective policy while respecting normative desiderata of fairness,

consistency, non-dictatorship, and respect for individual autonomy and rights [1, 35].

We formalize the problem of reconciling conflicting group values through the lens of SCT.

Analogously, we view G = {𝑔1, . . . , 𝑔𝑁 } as voters and the action space 𝐴 represent the set of social

alternatives. While our primary formulation uses cardinal moral evaluation functions𝑀𝑔, these

induce ordinal preference relations. For any group 𝑔, we define a preference relation ⪰𝑔 over 𝐴

such that:

𝑎 ⪰𝑔 𝑎
′ ⇐⇒ 𝑀𝑔 (𝑐, 𝑎) ≥ 𝑀𝑔 (𝑐, 𝑎′).

We denote strict preference as 𝑎 ≻𝑔 𝑎
′
when 𝑀𝑔 (𝑐, 𝑎) > 𝑀𝑔 (𝑐, 𝑎′). A Pc = (⪰𝑔1 , . . . ,⪰𝑔𝑁 ) captures

the preferences of the entire population for a given context 𝑐 .

A Social Choice Function (SCF) 𝐹 is a mapping that aggregates a preference profile into a chosen

subset of actions, or in the context of learning-based alignment, a probability distribution over

actions (a stochastic policy 𝜋 ) [35]:

𝐹 : L(𝐴)𝑁 → Δ(𝐴),
where L(𝐴) is the set of all possible preference orderings over 𝐴, and Δ(𝐴) is the probability

simplex. The learning algorithm described in Section 2 can be viewed as an implementation of

an social choice function that attempts to maximize a social welfare metric, ie. the latent reward

model.

For moral alignment in LLMs, the algorithms for finetuning are analogous to designing a social

choice function, and consequently, the preference data operates as votes between candidate actions.

Therefore, AI alignment is liable to the same pitfalls identified by SCT.

Central and early results in modern SCT demonstrate that even mild, intuitive, and desirable

axioms for a social decision rule cannot simultaneously be satisfied. Arrow’s impossibility theorem,

Sen’s Liberal Paradox, and Gibbard-Satterthwaite theorem demonstrate that no aggregation mecha-

nism can universally reconcile individual preferences in a single policy without violating at least

one desirable property. [1, 32, 35]. Sen (1970) demonstrated that it is impossible to simultaneously

satisfy Unrestrictedness: every possible preference ranking and voting rule will be considered

equally; Pareto Efficiency: if everyone prefers 𝑎 to 𝑎′, society should choose 𝑎; and Liberalism: every

individual has a decisive say over at least one pair of personal alternatives.

While much of classical SCT concerns ordinal rankings of preferences, many impossibility results

extend to settings with vetoes, hard constraints, or uncertainty [22]. Furthermore, SCT already, has

a home in computer science with multiple research efforts in efficient vote counting, mechanism

designs, and algorithmic game theory [4, 8, 12] but with preferences being cast as votes on how an

LLM should behave, additional focus on the rich field of SCT is required in AI alignment.

3 Impossibilities in LLM Moral Alignment
Our definition of universal moral alignment corresponds to a strong form of collective rationality

where the chosen action must lie in the intersection of all groups’ admissible sets [6, 10, 19, 34].

To that end, we formalize three mild assumptions not nominally related to SCT but instead are
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conditions for an alignment procedure to learn an appropriate action. As shown, when moral

disagreement is nontrivial, this intersection may be empty or degenerate, yielding impossibility

results which mirrors those in SCT. This perspective clarifies failures of universal moral alignment

as a structural limitation.

Assumption 1 (Internal Consistency). In many situations, there are many reasonable answers to a

question [28, 33]. We assume that for every group 𝑔, there exists an internally consistent normative

framework𝑀𝑔 that governs its moral judgments.

∀(𝑐, 𝑎) ∈ 𝐶 ×𝐴, 𝑀𝑔 (𝑐, 𝑎) ∈ {0, 1}

Assumption 2 (Non-trivial Moral Disagreement). Cultural expectations for appropriate behavior
differ, and when people from different cultures interact [15, 37], mismatched norms can create

conflict because one side may view the other’s behavior as inappropriate [11]. There exist groups

𝑔1, 𝑔2 ∈ G, a context 𝑐 ∈ 𝐶 , and an action 𝑎 ∈ 𝐴 such that

𝑀𝑔1 (𝑐, 𝑎) = 1 and 𝑀𝑔2 (𝑐, 𝑎) = 0.

Assumption 3 (Non-optional). If a system satisfies universal alignment requirements merely by

refusing to act or providing null responses, it fails to serve as a substantive proxy for human belief

systems.

∀𝑎 ∈ {𝑎 : 𝜋 (𝑎 |𝑐) > 0}, max

𝑔∈G
𝑀𝑔 (𝑐, 𝑎) = 1

3.1 Universal Moral Alignment
We say policy 𝜋 achieves Universal Moral Alignment if, all groups find some action admissible in a

specific context 𝑐 ,

𝜋 (𝑎 |𝑐) > 0 =⇒ 𝑀𝑔 (𝑐, 𝑎) = 1∀𝑔 ∈ G

Proposition 3.1. Since each group maintains an internally consistent moral framework (A1) that
remains irreconcilably disjoint in specific contexts (A2), and given that the model is mandated to
provide substantive, non-degenerate responses (A3), it is mathematically inevitable that a single policy
cannot simultaneously align with all groups.

This is straightforward to observe but note, the requirement for universal moral alignment is

not for all contexts. In fact, it is weaker; for any context where one group may find an action

disagreeable, the policy cannot satisfy the collective.

3.2 Universal Moral Misalignment
We now consider a dual failure mode to universal moral alignment. Whereas the previous proposi-

tion establishes the impossibility of satisfying all groups’ moral constraints simultaneously, we

show that learning-based aggregation can select policies that violate the moral requirements of

every group. The impossibility of satisfying diverse moral constraints via aggregation mirrors

fundamental results in Social Choice Theory. We refer to this phenomenon as universal moral
misalignment.
A policy 𝜋 is universally morally misaligned if, for every group 𝑔 ∈ 𝐺 , there exists a context

𝑐 ∈ 𝐶 and an action 𝑎 ∈ 𝐴 such that

𝜋 (𝑎 | 𝑐) > 0 and 𝑀𝑔 (𝑐, 𝑎) = 0.

That is, the policy assigns positive probability to at least one action that each group deems morally

unacceptable.
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Consider a scenario where we strengthen Assumption 2 such that cultural variation manifests as

strictly disjoint moral requirements.

Assumption 4 (Strict Intolerance). Let there be 𝑁 groups𝐺 = {𝑔1, . . . , 𝑔𝑁 } and 𝑁 distinct actions

{𝑎1, . . . , 𝑎𝑁 }. For each group 𝑔𝑖 , the moral evaluation function satisfies:

𝑀𝑔𝑖 (𝑐, 𝑎) =
{
1 if 𝑎 = 𝑎𝑖 ,

0 if 𝑎 ≠ 𝑎𝑖 .

By Gibbard-Satterthwaite’s Theorem, a learning algorithm aiming to maximize aggregate fairness

or social welfare (satisfying Assumption 3) produces a stochastic policy 𝜋∗
that does not enforce

moral admissibility as a hard constraint and distributes probability mass uniformly [32]:

𝜋∗ (𝑎𝑘 | 𝑐) = 1

𝑁
∀𝑘 ∈ {1, . . . , 𝑁 }.

Proposition 3.2. Under Assumptions 1, 3, and Strict Intolerance, the welfare-maximizing policy
𝜋∗ is not morally aligned with any group 𝑔 ∈ 𝐺 .

The intuition here is when an algorithm pursues global optimality or social welfare maximization,

it is compelled to seek an equilibrium among 𝑁 mutually exclusive actions resulting in a policy

that fails to satisfy any constituent group.

3.3 Moral Affinity and the Cost of Consensus
Of course, this approach imposes a hard constraint on the set of admissible actions for each group.

We can relax this strict intolerance by considering a continuous moral admissibility model for each

group and treat alignment as a satisfaction threshold. Allow𝑀𝑔 : 𝐶 ×𝐴 → [0, 1] and consider each

group has some satisfaction threshold of 𝜏𝑔 ∈ (0, 1] for some 𝑎 given a context 𝑐 .

Then a policy 𝜋 is 𝜏-morally aligned with group𝑔𝑖 if the expected moral value satisfies a threshold

𝜏𝑖 :

E𝑎∼𝜋 ( · |𝑐 ) [𝑀𝑔 (𝑐, 𝑎)] ≥ 𝜏𝑔 .

Assumption 5 (Sharp Preferences). Each group 𝑔𝑖 prefers action 𝑎𝑘 (𝑀𝑔𝑖 (𝑎𝑘 |𝑐) = 1) and has low

affinity 𝜖 < 𝜏𝑔𝑖 for all other actions.

Here, 𝜏𝑔𝑖 operates as a normative floor for alignment for each group. It represents the minimum

moral affinity a policy must achieve to be aligned with 𝑔. Any policy 𝜋 where E[𝑀𝑔] < 𝜏𝑔 is

then misaligned with 𝑔. Conversely, consider 𝜖 as the baseline consensus between disparate moral

frameworks𝑀𝑔 and𝑀ℎ for groups 𝑔, ℎ ∈ G, 𝑔 ≠ ℎ. This is the marginal moral value that one group

assigns to actions preferred by another and in situations of high polarization, 𝜖 tends to zero.

Proposition 3.3. Let 𝜏min =min𝑔∈𝐺 {𝜏𝑔1 , . . . 𝜏𝑔𝑁 }. Under Assumption 5, if the minimal normative
floor exceeds the residual affinity (𝜏min > 𝜖), then for sufficiently large population 𝑁 > 1−𝜖

𝜏𝑚𝑖𝑛−𝜖 , the
fair policy 𝜋∗ is universally misaligned as the the moral signal for any specific group is drowned out
by the noise of competing moral frameworks .

We, in fact, do not need every group to express sharp preferences; even if one group has a

sharp moral preference, then universal alignment is impossible. We consider this to be the cost

of consensus, where we have a nromative tradeoff between the breadth of disparate moral model

inclusion 𝑁 , diminishes the models fidelity to any individual group’s moral model.
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Fig. 2. A Roadmap for Normative Governance and Pluralistic Alignment

4 Implications and Research Directions
The impossibility results derived in Section 3 suggest that the prevailing “value learning” approach

which treats alignment as an epistemic problem of discovering a hidden, coherent reward function

is fundamentally flawed. Rather than treating alignment as a problem of learning the correct human

values, we argue that alignment is fundamentally a problem of governing moral disagreement

under impossibility constraints.

Keeping the SCT literature in mind, we give three recommendations. (1) Remove emphasis on

finding “perfect” alignment with a dataset and instead, recognize normative governancemechanisms

are needed in order to represent a plurality of moral perspectives, reason about incompatibilities in

the data and limitations of a policy, and be explicit about tradeoffs between alignment accuracy

and robustness. (2) Create new alignment benchmarks that are cognizant of impossibility results

by testing systems for how well they handle minority disagreements and implicit dictatorship.

Alignment should not be solely outcome focused but also concerned with the fairness of the

procedure. (3) Shift away from strict pairwise comparisons when building preference datasets and

towards choice sets and other options to better capture pluralism.

4.1 From “Learning Values” to Normative Governance
A dominant narrative in alignment research frames the problem as one of value learning: inferring

a single latent reward or preference function from human feedback and optimizing a policy accord-

ingly. This framing implicitly assumes that human values are sufficiently coherent, aggregable, and

stable to be represented by a unified objective [16, 25]. Decades of impossibility results demonstrate

that, under pluralism, no aggregation rule can convert heterogeneous normative judgments into a

single decision function without violating basic fairness or autonomy constraints [1, 9, 35].

Our results reinforce this critique by showing that even when moral judgments are perfectly

observed, universal alignment may be formally impossible. We demonstrate that no such coherent

function exists for disjoint groups; maximizing likelihood on a diverse dataset merely produces a

confused aggregate that fails every group’s specific moral constraints and even when there exists

moral affinity between groups, it is unstable. This implies that misalignment is not primarily a

failure of learning fidelity, data scale, or model capacity, but a structural consequence of treating

alignment as objective inference rather than collective decision-making. In this sense, “learning

the right values” is the wrong abstraction: there may be no single value function to learn.
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8 Habib et al.

We recommend abandoning the goal of “perfect” alignment via data scaling. Instead, research

should treat alignment as a problem of normative governance mechanisms. Such mechanisms do

not attempt to collapse moral pluralism into a scalar reward. Instead, they explicitly represent

multiple normative perspectives, reason about their incompatibilities, and implement procedures

for adjudication under disagreement [17, 20, 27]. This reframing aligns alignment research with

long standing insights from political philosophy and economics, where legitimacy arises from fair

procedures rather than convergence to a purportedly correct outcome.

4.2 Impossibility Aware Alignment Evaluation
Alignment benchmarks are typically designed to measure outcome accuracy: agreement with

majority labels, preference win rates, or reward maximization [24]. These metrics implicitly endorse

a value learning worldview, treating disagreement as noise and convergence as progress. When

preferences conflict, outcome focused metrics systematically favor majority groups and obscure

procedural unfairness [13, 23].

Our analysis suggests that alignment evaluation must be impossibility-aware. Rather than asking

whether a system selects the “right” answer, benchmarks should ask how systems behave when no

answer is jointly acceptable. This includes testing whether a system disproportionately violates

minority constraints, collapses to implicit dictatorship, or fails to surface normative conflict. Such

behaviors are predictable failure modes under aggregation, yet remain largely invisible under

current benchmarks [23].

Importantly, SCT emphasizes that collective decision making must be evaluated not only by its

outcomes, but by the fairness and transparency of the procedure itself [1, 18, 29, 35]. Translating this

insight to alignment suggests that benchmarks should incorporate normative desiderata: respect

for vetoes, robustness to group reweighting, and explicit acknowledgment of trade offs. Progress

in alignment should therefore be measured by how systems manage disagreement, not merely by

how efficiently they suppress it in Figure 2.

4.3 Data for Pluralism, Not Convergence
Pairwise preference comparisons are the dominant data modality in alignment research, particu-

larly in RLHF [25]. This structure fundamentally misrepresents pluralism, as comparisons force

annotators to choose winners and conflate when multiple options are acceptable, unacceptable, or

incomparable, thereby manufacturing consensus where none exists.

This data representation bias reinforces value learning narratives by making disagreement appear

resolvable through averaging. In contrast, SCT emphasizes richer preference structures such as

approval sets, vetoes, partial orders, and context-dependent admissibility [14, 30].

A key research agenda is to study how different elicitation schemes interact with aggregation

mechanisms and downstream policies. Richer preference representations make moral conflict

explicit, enabling alignment systems to reason about admissibility rather than forced optimization.

This shift supports pluralistic alignment while making impossibility results operational rather than

theoretical.

5 Conclusions
In this work, we have argued that the central challenge of moral alignment is not simply to improve

current techniques, but to confront a structural limitation of the universal-alignment objective

itself. In pluralistic settings, different groups can hold internally coherent yet conflicting moral

evaluations of the same context-action pairs, which means that no non-degenerate single policy

can satisfy everyone simultaneously. Under stronger forms of disagreement, aggregation can even

produce outcomes that are misaligned with every group. This makes universal moral alignment not
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Mission Impossible: Universal LLM Moral Alignment 9

merely difficult in practice, but impossible in principle under the assumptions we examined. Rather

than treating this as an engineering bottleneck to be solved with better optimization or more data,

we frame it as a conceptual limit of current reward-modeling and preference-aggregation paradigms.

In response, we outlined a pluralistic agenda for alignment: developing fine-grained evaluations

that better capture diverse perspectives, establishing principled customization bounds that reduce

strategic misreporting and majority-take-all failures, and incorporating more robust social choice

mechanisms together with broader policy coverage. The goal is not to force moral disagreement

into a single averaged objective, but to build alignment systems that represent, navigate, and govern

disagreement more honestly in a diverse and strategic world.
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