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Abstract

Artificial agents increasingly make decisions with far-
reaching consequences. It is therefore imperative to ensure
that their actions are not only functionally effective but
also normatively appropriate. Two major paradigms address
this challenge: machine ethics and value alignment. Ma-
chine ethics typically engages in moral aggregation, espe-
cially through value and (descriptive) uncertainty aggrega-
tion. Value alignment approaches tend to rely on social aggre-
gation to manage value pluralism and moral uncertainty, often
implicitly or indirectly. This paper disentangles these forms
of aggregation and analyzes their roles across three stages
of machine moral reasoning: moral evaluation, moral assess-
ment, and moral decision. Rather than favoring one paradigm,
we expose their mutual dependencies and respective blind
spots, particularly under conditions of persistent moral dis-
agreement. We argue that social aggregation cannot bypass
deep normative commitments. Alignment by social aggrega-
tion cannot replace moral aggregation but merely relocates
it—often opaquely.

1 Introduction

The deployment of autonomous and semi-autonomous ma-
chines raises a number of substantive challenges.! Be-
yond the technical demands of constructing capable artifi-
cial agents, there is the normative task of determining how
such systems should make morally appropriate decisions—
and by which standards, and according to whose judgments,
their behavior should be guided.?

Two paradigms currently dominate attempts to meet this
normative challenge: machine ethics, which aims to equip
Al agents with explicit moral reasoning capabilities; and
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"Throughout this paper, we use the term “machine” to refer to
any artificially intelligent or autonomous computational artifact.

Typically, morality is understood broadly in these endeavors as
a shared understanding of how we ought to live together, encom-
passing considerations of right and wrong, good and bad, virtue and
vice, and our responsibilities toward one another. Besides moral-
ity, this includes questions of decency, cultural conventions, and
safety considerations. Accordingly, these moral systems often lack
thorough deliberation and coherence, and frequently do not with-
stand rigorous ethical analysis (ethics being the systematic study of
morality).
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value alignment, which seeks norm-conformant behavior
through implicit learning from human feedback. While these
paradigms differ in methodology, both depend on some form
of aggregation to navigate the moral landscape, including
challenges of uncertainty and pluralism. Understanding how
aggregation is used within each paradigm is therefore key to
clarifying their respective promises and limitations.

The main paradigm in the current alignment literature
is significantly shaped by what Baum (2020) has called
social-choice Al ethics: the idea that machines should align
their behavior with the moral preferences and judgments
of human collectives. These preferences may be elicited
directly through learning frameworks like reinforcement
learning from human feedback (RLHF) (Ouyang et al.
2022), or indirectly via principles derived from fair, partic-
ipatory deliberative processes (Gabriel and Keeling 2025).
While these approaches are often not framed explicitly as
social choice methods—and frequently overlook founda-
tional insights from social choice theory (Conitzer et al.
2024)—they in fact instantiate (often implicit) versions of it.
This trend toward social-choice-based alignment is driven,
at least in part, by the persistence of moral disagreement
and moral uncertainty—the absence of a commonly agreed
moral ground truth. In response, social aggregation is often
presented as a pragmatic way to bypass foundational ethical
disputes: instead of solving moral philosophy, let machines
reflect what humans want—collectively.

However, pace Conitzer et al. (2024) but in line with
Baum (2020), we argue that social aggregation cannot avoid
deep normative commitments. Even when moral theoriz-
ing is delegated to collective, social processes, key design
choices remain morally significant: who has standing in
these processes, how individual preferences and judgments
are elicited and measured, and—most importantly—which
aggregation procedure is chosen. In other words, aggrega-
tion is not a morally neutral technical step, but a normative
decision in its own right. Shifting from explicit moral the-
ory to human preference aggregation does not eliminate the
moral terrain—it merely relocates it.

In this paper, we focus on one critical part of this terrain:
the challenge of aggregation in moral decision-making. Our
central claim is that social aggregation, while sometimes
helpful, cannot replace other forms of aggregation—such as
value aggregation or uncertainty aggregation—without en-



countering similar normative complexities. Worse, it may
obscure those complexities by hiding them inside learned
models or ill-defined procedures. Our framework clarifies
where ethical challenges arise in Al system design and high-
lights how current methods risk obscuring rather than con-
fronting them, aiming to help researchers better locate their
own contributions. Ultimately, we seek to support more prin-
cipled, transparent, and accountable approaches to building
morally aligned Al systems.

We proceed in four steps. First, we motivate and present a
formal model of moral decision-making for artificial agents.
Second, we distinguish and explicate three kinds of ag-
gregation relevant to this setting: value aggregation, un-
certainty aggregation, and social aggregation. Third, we
locate these forms of aggregation within the structure of
machine moral reasoning, showing how they arise at dif-
ferent stages. Finally, we explain how these types of ag-
gregation interrelate—especially under conditions of moral
uncertainty—and why this interdependence explains the al-
lure, but also the limitations, of using social aggregation as
a substitute for moral reasoning.

Related Work. The challenge of ensuring that Al agents
act in (morally) permissible ways—henceforth, the Moral
Machine Challenge (MMC)—is studied under the overlap-
ping but methodologically distinct paradigms of machine
ethics and Al alignment. This challenge is significantly com-
plicated by the absence of a widely accepted moral ground
truth and, conversely, by the persistence of moral pluralism,
disagreement, and uncertainty (Robinson 2024; MacAskill,
Bykvist, and Ord 2020). If there were a commonly en-
dorsed and defensible moral theory—ideally one that was
either computable or amenable to tractable approximation—
it could arguably serve as a foundation for moral aggrega-
tion, allowing the systematic integration of morally relevant
considerations into machine decision-making. However, no
such theory has achieved sufficient consensus.

Although the boundaries between machine ethics and Al
alignment are not always sharply defined (Baum 2025), they
differ in methodological emphasis. Machine ethics focuses
on embedding explicit moral reasoning mechanisms into
agents (e.g., Wallach and Allen 2009; Anderson and An-
derson 2011), while alignment approaches aim to ensure
conformant behavior more indirectly, typically without ex-
plicit moral representations or deliberative processes (e.g.,
Gabriel 2020). In alignment research, the system’s behav-
ior is aligned with human preferences or values, directly via
preference elicitation and reward shaping (e.g., Christiano
et al. 2017; Conitzer et al. 2024), or indirectly via normative
principles derived from fair deliberative procedures (e.g.,
Gabriel and Keeling 2025; Steingriiber and Baum 2025).

Approaches addressing the MMC as a problem of social
aggregation have been explored across disciplines (Adler
2016; Rahwan 2018; Prasad 2018; Baum 2020; Liao et al.
2023; Ozaki, Rehman, and Slavkovik 2024; Gabriel and
Keeling 2025). The core idea in these proposals is to use
aggregation procedures to synthesize diverse moral prefer-
ences or judgments into actionable system behavior. These
approaches aim to accommodate normative diversity with-
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out presupposing agreement on one comprehensive moral
theory. However, as we argue, such aggregation strategies
may shift rather than resolve foundational ethical chal-
lenges.

Contribution. In this paper, we argue that distinct forms
of aggregation play essential roles in both machine ethics
and value alignment approaches to the MMC. We iden-
tify and formally structure three key types of aggregation—
value aggregation, uncertainty aggregation, and social
aggregation—and analyze their roles within moral reason-
ing processes for artificial agents. Understanding how these
aggregation types interrelate, and where they create norma-
tive friction or opacity, provides important conceptual foun-
dations for addressing how machines should make decisions
under conditions of moral uncertainty and disagreement.

2 Decision-Making Process for Moral Al

People make decisions both to achieve practical goals and to
better understand the world (Kersten and Szpakowicz 1994).
In decision theory, a decision problem is modeled as a set of
alternatives A, typically accompanied by additional struc-
ture f(a) for a € A, where f is an index that evaluates or
assesses each alternative with respect to its consequences,
outcomes, costs, payoffs, or associated probabilities. The fo-
cus lies in modeling everything that helps to explain which
alternative an individual agent should select, based on their
preferences, beliefs, and objectives (Luce and Raiffa 1957).
In essence, the central task is to identify an appropriate func-
tion for guiding choice.

Social choice theory extends this modeling framework
to collective decision-making. Here, a decision problem in-
cludes a set of voters V, each represented by a preference re-
lation over the alternatives in A. While preferences are typi-
cally ordinal (rankings), some models also allow for cardinal
utilities. Social choice theory, thus, investigates methods for
aggregating individual preferences into collective decisions,
as well as the formal and conceptual limitations inherent in
such aggregation.

Both decision theory and social choice theory thus focus
on the rational selection of alternatives, albeit at different
levels: the former addresses reasoning at the level of indi-
vidual agents, the latter at the level of collectives.

In moral philosophy, decision situations are modeled with
far greater variation. Some areas—especially those influ-
enced by decision theory, and often aligned with the con-
sequentialist tradition—analyze moral choice in terms of al-
ternatives, consequences, and the moral evaluation of out-
comes. However, much of moral philosophy focuses less on
structured decision models and more on articulating and an-
alyzing principles, rules, values, and normative reasons that
determine what agents ought to do. In these traditions, the
emphasis is on identifying morally salient considerations,
rather than on formally structuring decision problems.

Moreover, traditional moral theory has primarily focused
on individual decision-making, offering normative guidance
from an isolated agent perspective.® In contrast, political

3There are exceptions in more specialized areas, such as col-



philosophy—especially in the tradition of public reason lib-
eralism (e.g., Rawls 2005) and moral contractualist theory—
has developed frameworks for addressing moral pluralism
and disagreement. More recently, these concerns have resur-
faced in the context of Al alignment, where systems must
make decisions affecting multiple stakeholders with diver-
gent moral views (Gabriel and Keeling 2025; Robinson
2024). Still, the formal modeling of genuinely collective
moral decision-making remains underdeveloped, particu-
larly with regard to the role of various forms of aggregation.

We argue that understanding the MMC requires more
than a static specification of alternatives, preferences, and
outcome appraisals. The core challenge of designing ma-
chines capable of morally appropriate decision-making—
beyond mere instrumental rationality—Ilies not primarily in
identifying criteria of rightness, but in developing adequate
decision procedures (Driver 2022; Stark 1997). Addressing
this challenge demands a broader view of decision-making
as a dynamic, structured process that actively gathers, gen-
erates, and integrates morally relevant information.

To capture this dynamic dimension, it is helpful to draw
on decision analysis and organizational psychology tradi-
tions that emphasize internal stages of decision-making. Ex-
amples include Irving Janis’s GOFER model (Mann, Har-
moni, and Power 2012; Janis and Mann 1977) and Kristina
Guo’s DECIDE framework (Guo 2008), both of which de-
compose decision-making into structured steps such as goal
setting, option generation, information gathering, evalua-
tion, and execution.

As in organizational and managerial contexts, the
decision-making process for moral machines must be un-
derstood as systematically staged. Designing morally con-
strained agents requires not only specifying desirable out-
comes ‘somehow’, but also determining where normative
reasoning must enter into the structure of deliberation. In-
corporating morally relevant parameters and constraints de-
mands careful analysis of the phases in which ethical chal-
lenges arise and can be operationalized.

In the following section, we introduce a conceptual frame-
work that identifies three key stages of moral decision-
making in artificial agents, each of which requires integrat-
ing normative considerations in its own right.

3 The Structure of Moral Decisions for
Machines

Designing machines capable of morally acceptable decision-
making requires a refined understanding of how moral con-
siderations are to be integrated into the decision-making pro-
cess. We propose that moral decision-making for machines
can be systematically analyzed by distinguishing between
three nested levels: moral evaluation, moral assessment, and
moral decision.

Let us begin by defining the concept of a decision situ-
ation. A decision situation is a state in the operation of an
artificial agent in which the agent is presented with a list of

lective responsibility (Smiley 2023) or the problem of collective
action in consequentialism, where recent work draws on game-
theoretic insights (e.g., Baum 2024).
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options A, in a specific context c. We assume that the list of
options is finite. Each option O € A can be characterized
by a list of factors F'. Some of these factors—Iet us call this

subset Fﬁj’c—are morally relevant in the given context c.
Moral Evaluation. Moral evaluation is the process of:

1. Identifying and considering all factors Fje “, ie., the
morally relevant factors in a given decision situation (or,
more precisely, to some option O € A in a given decision
situation and context c).

2. Evaluating the available options with respect to the
morally relevant factors that pertain to them in the spe-
cific context. This may include their consequences, their
moral qualities (especially in the axiological sense of val-
ues), the principles or duties they instantiate, or other
context-dependent normative considerations such as nor-
mative reasons (cf. Baum et al. 2024).

3. Associating each option with an evaluative moral
status—qualitative or quantitative—that enables compar-
ison and normative discernment.

Moral evaluation does not yet classify options according
to their deontic moral status, i.e., as being permissible, im-
permissible, obligatory, or forbidden. That is the job of the
next stage. Instead, moral evaluation provides the informa-
tional and normative structure required for doing so. Its goal
is to make salient the morally relevant features of each op-
tion so as to enable comparison—at least in the form of a
partial ranking—based on moral desirability.

Example 1. Consider a content moderation agent that is
tasked with deciding whether to censor a social media post
containing the photograph commonly known as the ‘Napalm
Girl’.* The agent must choose between two options: cen-
sor the post (O7) or allow it to remain online (O3). To de-
termine the morally appropriate course of action, the agent
must identify the morally relevant features of each option,
considering both the content of the post and the intended
audience of the platform it serves.

Assume that the post is intended to inform the public by
curating public domain media. The photo in question raises a
number of morally salient considerations. It depicts a naked
child; it is a historically significant artifact; it documents the
horrors of war; it belongs to the public domain; and it por-
trays a private individual—Phan Thi Kim Phic—who is still
alive. Each of these factors may have different moral weights
depending on the broader context.

The context also contributes norms, values, and con-
straints. For instance: content resembling child pornography
should be censored; historically significant materials should
be preserved; and content should generally be left uncen-
sored unless compelling moral reasons justify intervention.

Evaluating options O; and O; requires determining the
extent to which these morally relevant factors apply to each.
Censoring (O7) may align with norms about protecting chil-
dren and shielding young users from traumatic content, but it
may also suppress access to historically important material
and obscure the moral reality of war. Allowing the post to

*https://newyork.fotografiska.com/en/events/napalm- girl



remain (O2) supports historical memory and informational
openness, but could raise concerns about consent, dignity,
and exposure to distressing imagery.

Associating a moral quality with each option could in-
volve determining which morally relevant factors carry the
greatest normative weight in the given context, or aggre-
gating the factors into a composite evaluative judgment—
whether qualitative or quantitative—that enables compari-
son between the options.

Moral Assessment. Based on the outcomes of moral
evaluation, moral assessment involves classifying options
into normative categories according to their deontic moral
status, such as being morally permissible, impermissible,
obligatory, or supererogatory—or, more practically, into
context-sensitive categories such as acceptable or justifiable
(cf. Baum et al. 2024). Moral assessment builds on the struc-
tured evaluation of morally relevant factors to filter the space
of feasible options according to normative constraints. It in-
volves both practical and normative reasoning, and requires
a judgment-sensitive reading of the evaluative moral status
of the options in light of applicable standards or principles.

Example 2. Continuing with the “Napalm Girl” example,
moral assessment might determine that if historical preser-
vation is deemed most important, Oy (not censoring) pro-
motes historical preservation, while O; (censoring) under-
mines it; Oy is the only permissible option.

Alternatively, if the morally relevant factors have been ag-
gregated into a numerical score—say, O; receives 3 ‘moral
points’ and O receives 4—then moral assessment might
apply a threshold rule, e.g., by deeming only those options
with positive moral value as permissible. In that case, both
options would be considered morally permissible, but O,
would be preferred.

Moral Decision. Moral decision refers to both the act of
selecting and executing an option in a morally appropriate
way. Arguably, selection occurs among the options classified
as permissible through moral assessment.> This stage may
also incorporate instrumental or other considerations—such
as efficiency, goal satisfaction, or morally insignificant user
preferences—provided they do not override normative con-
straints. The agent’s objectives and design criteria will typi-
cally influence how such considerations are weighed, raising
meta-normative questions that are often far from trivial.

Importantly, depending on the meta-normative framework
adopted, moral decision-making may also extend to sit-
uations in which no option is deemed morally permissi-
ble. Handling such moral dilemmas (McConnell 2024)—
whether by selecting the least objectionable option, seek-
ing external input, or deferring action—constitutes a morally
significant process and must be treated as part of the agent’s
moral competence.

This decomposition of the decision-making pipeline clari-
fies where different aspects of moral reasoning naturally en-
ter the moral decision-making of an artificial agent. Moral

5Cf. the distinction between outcome and execution alignment
discussed in (Baum 2025).
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evaluation collects and organizes normative information
about the situation; moral assessment applies deontic fil-
ters (Baum, Hermanns, and Speith 2019) to distinguish per-
missible from impermissible (or otherwise normatively clas-
sified) options; and moral decision selects and executes one
of these alternatives in a norm-conforming manner.

This structure also helps to clarify the role of moral judg-
ments, which are typically the outcome of moral reasoning
processes and can pertain to different stages and dimensions
of moral decision-making. We distinguish here between two
central types: evaluative judgments and deontic judgments.
Evaluative moral judgments concern what features matter
morally in a given context—such as pleasure and pain, harm,
preference satisfaction, fairness, autonomy, or freedom—
and how these features combine to determine the moral
value or quality of actions or outcomes. Deontic moral judg-
ments, by contrast, involve classifying options according to
their normative status: whether they are right, wrong, per-
missible, impermissible, obligatory, or supererogatory.

In practice, moral judgment thus involves at least three
sub-questions: (i) which features of a decision situation are
morally relevant, (ii) how these features contribute to the
moral evaluation of available actions or outcomes (e.g., via
principles, weighting schemes, or rules), and (iii) how such
evaluations inform the deontic classification of those op-
tions. This distinction is important both conceptually and
methodologically: while evaluative and deontic judgments
are often intertwined, they may rely on different norma-
tive commitments and may require different forms of ag-
gregation or justification. These judgments may be derived
from a given moral theory (or sub-modules of such theories,
cf. Baum (2024))—or they may be elicited through other
means, such as from individual agents or groups.

Accordingly, and as we argue in more detail in the follow-
ing sections, distinct types of aggregation problems arise at
different stages of the moral decision-making process, de-
pending on which forms of aggregation are available and
appropriate. For instance, moral evaluation inherently calls
for a form of moral aggregation—that is, the integration
of multiple morally relevant considerations into an overall
evaluative judgment. Similarly, later stages of the process,
such as moral assessment and decision, may also require
moral aggregation—e.g., to weigh competing normative cri-
teria or to reason about the moral desirability of possible out-
comes. These stages typically build on earlier aggregation,
but they can also require independent aggregation functions
(e.g., inter-possibility or inter-possible aggregation).

Under conditions of moral uncertainty, however, explicit
moral aggregation may not be feasible or theoretically justi-
fiable (Steingriiber and Baum 2025). In such cases, a com-
mon strategy in recent Al alignment work is to (propose
to) replace or bypass it with social aggregation—for exam-
ple, by synthesizing divergent human preferences, values, or
judgments across relevant stakeholder groups to guide ma-
chine behavior in the absence of normative consensus.

3.1 A Formal Model of Moral Decision-Making

Before turning to aggregation-specific challenges, we in-
troduce a formal model of moral decision-making for ma-



chines, grounded in the structure presented above.

Definition 1 (Moral Decision Situation (MDS) and Moral
Decision Problem). A moral decision situation (MDS) is a
tuple (4, ¢, F, far, aprr), where:

¢ Ais afinite set of available options.

e ¢ is a context, assumed here to be a constant (for sim-
plicity), though in practice it may consist of properties,
predicates, or richer environmental information. Let C
denote the space of possible contexts.

e F'is a set of factors potentially relevant to the evaluation
of options.

o fur : Ax C — 2% is a function representing moral eval-
uation, which maps each option and context to a subset
FA?[’C C F of morally relevant factors for option O € A
1n context c.

e ay : A x2F — 24 is a function representing moral
assessment, which returns the subset Ap C A of morally
permissible options based on these factors.

A moral decision problem is then defined by a func-
tion dyy : Ap — 24, which selects a non-empty subset
Ago C Ap for execution. In cases where Ap = (), dj; may
fall back to a secondary mechanism (e.g., selecting the least
morally objectionable option, seeking human input, or de-
ferring action).

Moral decision situations are often conceptualized in
terms of values, and thus evaluated in an absolute (cardinal)
rather than a purely comparative (ordinal) manner (Dietrich
and Jabarian 2022). This motivates the definition of a special
case: a value-based MDS, which reflects this widely adopted
way of modeling moral decision-making more explicitly.

Definition 2 (Value-Based MDS). Let S
(A,c,F, far,apns) be a moral decision situation and let
V be a closed numerical domain representing a space of
moral values.® S is a value-based MDS if the following
conditions hold:

e F'is a set of value factors, i.e., features that describe
value-relevant properties of options (e.g., well-being,
preference satisfaction, fairness).

e fu : Ax C — 2F is a value-based evaluation func-
tion, mapping each option and context to a subset of
morally relevant factors interpreted in a narrowly axio-
logical sense.

* ayps 18 a value-based assessment function, defined via:

— an option valuation function vy @ A x 28 — VY7,
which assigns to each option (given its morally rele-
vant value factors) a vector-valued score in V?;’

— a value-sensitive permissibility function a); : A X
V" — 24, which filters morally permissible options
based on the assigned values.

That is, aps is implemented as a two-step process: first

evaluating options via vy, then filtering them via a}}.

SWithout loss of generality, we may assume that V is an interval
over the real numbers R (e.g., [0, 1] or [—1, 1]).

"We allow for vector-valued evaluation to accommodate multi-
dimensional moral criteria.
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* Given V and Ap, one may further define a (partial or
total) ordering s over A p based on the values assigned
by vps.

Example 3. Let us consider the “Napalm Girl” example
again. This time, we assume that the social media company
models the situation as a value-based moral decision situa-
tion in accordance with the above framework.

The set of options is A = {01,003}, where O; repre-
sents censoring and Og represents not censoring the post.
The context ¢ is a news article discussing the dangers of
chemical weapons.

The factor set /' may include:

N
fa
fs
Ja
fs
fs

hour of posting

name of author

photo of a naked child

photo of a living person

photo in the public domain
historically relevant document

The morally relevant factors are:
Fif© = far(O1,¢) = {f3},
Fif = fur(02,¢) = {f3, f5. fs}-

Assume the option valuation function v, assigns qualita-
tive values depending on whether a factor is morally favor-
able (+), unfavorable (—), or neutral (o):

s 5 Je

01 + o —

O — + +
That is, censoring (O;) aligns with norms about protect-
ing children (f3), but suppresses a historically relevant docu-
ment (fg). Not censoring (O3), by contrast, promotes public
access (f5 and fg), but raises concerns about dignity and ex-

posure (f3).

An aggregated version of vy, could sum the number of
morally favorable markers:

oa (01, FOV) =1, wpr(Og, FOP) = 2.

Alternatively, a priority-based function v, might select
the value of the most normatively decisive factor. If fg is
treated as most decisive for O1, and f3 for Oo, then:

U?w(Oth?f’C) ™ U?\/[(O%FJ\(/)[z’c) =

In this case, both options receive the same score under
v’ though they would be ranked differently under vyy.

Finally, assume ayw implements a threshold rule. If it re-
quires at least two positive factors for permissibility, then
only O is deemed permissible. If it requires unanimity or
gives veto power to any negative factor, then neither may be

permissible.

This formal framework provides a modular structure for
modeling morally competent agents. In the following sec-
tions, we examine how distinct types of aggregation prob-
lems arise within this framework, particularly at the stages
of evaluation, assessment, and decision.



4 Moral Decisions under Uncertainty

There is one complication of moral decision-making that we
have bracketed so far: uncertainty. Uncertainty is not a side
issue—it is a central structural challenge that shapes how
options are evaluated, assessed, and selected. It introduces
additional degrees of freedom and, with them, design deci-
sions that must be confronted in the development of morally
competent machines.

We distinguish between two principal types of uncer-
tainty:

Descriptive uncertainty arises from incomplete or am-
biguous information about the world—for example, un-
certainty about the current context, the properties of
available options, the likely outcomes of actions, or the
preferences and intentions of stakeholders.

Moral uncertainty arises when there is no agreement or
clear guidance on which moral principles, reasons, or
values should govern a decision. This includes uncer-
tainty about what features matter morally, how they
contribute to the evaluation of outcomes and options
(whether under descriptive certainty or uncertainty), and
how such evaluations should translate into normative as-
sessments (e.g., whether an action is permissible or im-
permissible).

Both types of uncertainty can affect any stage of the
decision-making process: identifying morally relevant fac-
tors, evaluating options, assessing permissibility, and select-
ing an action. Crucially, they motivate the need for uncer-
tainty aggregation—procedures that synthesize evaluations
across multiple possible contexts, outcomes, or normative
perspectives.

To illustrate how these types of uncertainty apply in the
context of the MMC, we return to our earlier example.

Example 4. Returning to our example of a content moder-
ation system evaluating whether to censor a post containing
the “Napalm Girl” photograph, we can now illustrate how
the different types of uncertainty discussed above map onto
distinct stages of the moral decision-making process, as for-
malized in our MDS framework.

Let the available options be A = {O1,02}, where O,
represents censoring the post and O represents allowing it.
Let S = (A, ¢, F, far,apr) be a (value-based) moral deci-
sion situation for this case, extended with valuation, assess-
ment, and decision functions vy, aXI, and dpy.

While descriptive uncertainty can be reduced to uncer-
tainty about the actual context of the decision situation, it is
helpful to distinguish several distinct points at which moral
uncertainty enters the picture:

Descriptive uncertainty affects fj;. The system may (and
in practice typically will) lack full information about the
context, such as the post’s audience, intent, or geopoliti-
cal framing. Since the correct context ¢ € C'is unknown,
fas must consider several plausible contexts ¢, . . ., Ck.
Which context obtains influences which morally relevant
factors Fj; C F' are identified—whether these are (mo-
mentary or historical) factual properties (e.g., the his-
torical significance of the photo, or whether removing
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it would actually constitute censorship in a (legally or)
morally relevant sense), or forward-looking properties
(e.g., expected harm caused by allowing it). fj; must be
designed to integrate multiple plausible contexts, ideally
aggregating them in a way that produces an epistemically
robust set of morally relevant factors.

Moral valuation uncertainty arises both in f; and vy,.
Even if the context were known, different moral theo-
ries may prioritize different morally relevant factors or
evaluate the same factors differently. For example, some
theories may emphasize harm minimization or dignity,
while others prioritize historical memory or freedom of
expression. Rather than selecting a single normative per-
spective, the system could integrate across multiple. Ei-
ther way, these functions must aggregate the results into
a unified value assignment for each option.

Moral assessment uncertainty concerns the permissibility
function a},. Even if scalar values have been assigned to
each option, the criteria for translating these values into
deontic classifications (e.g., permissible vs. impermis-
sible) may themselves be unclear or contested. Thresh-
olds or comparative principles may be underdetermined
or disputed. Again, rather than fixing one such map-
ping, a}, could aggregate across plausible evaluative-to-
deontic interpretations.

Moral decision uncertainty affects the function dyy,
which selects from the set of morally permissible
options Ap C A. If both O; and Oy are permissible
under the prior stages, dj, still requires a decision. This
may reflect further normative priorities or stakeholder
preferences—for instance, a liberal view might prior-
itize the individual preferences of the decision-maker
(e.g., platform policy), while another might emphasize
optimizing for user trust or public accountability. Rather
than embedding one such stance directly into dj;, the
function could implement a choice aggregation proce-
dure to synthesize across multiple, potentially competing
priorities.

This example illustrates how our MDS framework can, in
principle, accommodate different types of uncertainty at dif-
ferent stages of moral reasoning, without requiring arbitrary
selection between plausible alternatives. At this point, we
leave open how such integration is to be formally modeled,
as the next section turns to a more detailed discussion of the
various kinds of aggregation problems.

5 Aggregation Problems in Moral Machine
Decision-Making

In the previous section, we outlined the structure of
moral decision-making for machines, distinguishing be-
tween moral evaluation, moral assessment, and moral deci-
sion. Each of these stages introduces distinct challenges re-
garding the integration of normative considerations into the
agent’s deliberative process. Crucially, many of these chal-
lenges intuitively involve aggregation: the task of combin-
ing values, information, judgments, or inputs that may be
diverse, incomplete, or conflicting.



5.1 Aggregation Functions

An aggregation function, in mathematics, is a function that
takes a set or vector of values and returns a single summary
value. Typical examples include max, min, sum, or average.
In social choice theory, aggregation functions are understood
more broadly as procedures for deriving collective choices
from individual opinions, preferences, or judgments—for
example, selecting the option supported by the largest num-
ber of individuals.

To distinguish between these interpretations, we define
three types of aggregation functions relevant to our frame-
work: value aggregation functions, which combine multiple
morally relevant evaluations into a single value; choice ag-
gregation functions, which derive socially endorsed options
from a profile of individual preference orderings;® and un-
certainty aggregation functions, which handle both descrip-
tive and moral uncertainty.

We begin with value aggregation:’

Definition 3 (Value Aggregation Function). Let V be a nu-
merical domain of moral values. A value aggregation func-
tion is a function

v UV”—>V
neN

that assigns to each finite sequence of morally relevant val-

ues an overall value, and satisfies at least the following con-

ditions:

Idempotence: Forall z € V: v(z) = x.

Neutrality: If y € V is morally neutral, then for any se-
quence (1, ...,zx) € VK,

. 7-'17k,y)-

Positive responsiveness (monotonicity): If y € V is
morally positive, then

v(xy,. .., 25) = v(x, ..

v(zy,. .., Tk Y).

Pareto: If two sequences differ only at position ¢, and x; >
a, then

xg) < v(xy,..

.,l‘n)
)

While some have challenged whether value aggregation
is necessary or even appropriate for moral decision-making
(most famously Taurek (1977)), each of the properties in
the above definition captures a minimal and widely accepted
normative constraint on how morally relevant values should
be combined—if they are to be combined at all. Idempotence
ensures that if there is only a single morally relevant value,
the aggregator returns that value unchanged. This anchors
the function in the simple base case and avoids distortion
in degenerate inputs. Neutrality reflects the idea that some
values may be morally inert—neither improving nor wors-
ening an outcome. Including such a neutral value should not

(21, T 1, Tiy Tig 1, - -

/
2 /U(*/'E17 sy L1, Ly L1y - -

8For basic formal desiderata governing such functions, we fol-
low the treatments in (Grabisch et al. 2009) and (Arrow 2012).

Note that the domain V may contain scalar- or vector-valued
moral representations, depending on the modeling context.
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affect the result. Positive responsiveness (monotonicity) en-
sures that adding a morally positive value must increase the
overall evaluation, thereby enforcing the minimal moral sig-
nificance of improvements. Pareto requires that if nothing is
worse in one situation than in another, then the first situation
cannot be worse than the second.

There are other plausible candidates for properties of
value aggregation functions—such as anonymity, which de-
mands that the ordering of input values does not affect the
result'®—which may also be normatively attractive, particu-
larly in interpersonal or symmetric moral settings. However,
we do not include them here as minimal conditions, since
their normative force may depend on how the input values
are interpreted.

Second, we may need to aggregate scalar values of dif-
ferent types, such as those reflecting privacy, freedom, wel-
fare, or fairness. This is a case of infer-value aggregation,
which arises in settings characterized by value pluralism.
The challenge here is to combine heterogeneous values that
are morally significant in fundamentally different ways. For
an illustration of this second kind, we return to the “Napalm
Girl” case:

Example 5. We can reinterpret the morally relevant factors
in terms of distinct value types. For instance, f3 (photo of
a naked child) may correspond to concerns of dignity and
privacy; f5 (public domain) to legal permissibility or access
rights; and fg (historical relevance) to values such as truth-
telling or the preservation of collective memory.

When aggregated to determine the moral value of an
option, these represent a case of inter-value aggregation:
combining values of fundamentally different kinds. The
challenge here is not merely how to sum up the inter-
ests or welfare of different individuals—as in interpersonal
aggregation—but how to make trade-offs between (poten-
tially) incommensurable values such as dignity versus truth,
or privacy versus informational integrity.

Different implementations of the option valuation func-
tion vy, reflect different approaches to this aggregation
problem. One might encode all values in a vector format
that allows prioritization via a value-sensitive permissibility
function a}, using, for instance, lexicographic ordering. An-
other might incorporate conditional, context-dependent hier-
archies (e.g., freedom of expression outweighs privacy only
in cases of overriding public interest). All of these are in-
stances of value aggregation—but not over a homogeneous
value type.

Importantly, both kinds of aggregation—interpersonal
and inter-value—fall under the umbrella of value aggre-
gation as introduced here. In real-world moral decision-
making, they may also arise together, requiring integrated
aggregation strategies that are sensitive to both individual
distribution and value pluralism.

While value aggregation focuses on integrating morally
relevant considerations from a single evaluative perspective,
many real-world applications of moral machine reasoning

' Anonymity: For any permutation 7 of the indices {1,...,n},
(T, ..., Zn) = V(Tr1)s - - Ta(n))-



involve collective input: multiple agents, stakeholders, or
voters may hold different—and possibly conflicting—views
about which actions are morally preferable. In such settings,
we require a different kind of aggregation: choice aggrega-
tion, which synthesizes a set of individual preference order-
ings into a collective decision. For this, we adopt a standard
social choice framework in which individual preferences are
modeled as partial orders over a shared set of alternatives (a
profile), and collective choices are derived via an aggrega-
tion function.

Definition 4 (Choice Aggregation Function). Let A be a fi-
nite set of options (also called alternatives). Let A, denote
the set of all partial orders over A (i.e., binary relations that
are reflexive, antisymmetric, and transitive).

A choice aggregation function is a function

fr AL — 24,

which takes as input a profile P = (>1,...,>,) of n in-
dividual partial orderings and returns a non-empty subset
f(P) C A as the collective choice.

Unlike value aggregation functions, there is no canonical
characterization of choice aggregation functions. Since the
goal is to identify the most representative option(s), a vari-
ety of normative conditions have been proposed. One partic-
ularly defensible condition is:

Unanimity: If there exists a € A such that a >=; o’ for all
a' € A\ {a} andforalli =1,...,n, then f(P) = {a}.

Note that the notion of unanimity used here plays a role
analogous to idempotence in the context of value aggrega-
tion, but the two conditions differ in form and interpretation.
This formulation follows standard conventions in the social
choice literature.

It is common to adopt further normative properties such
as Pareto optimality, independence of irrelevant alternatives,
anonymity, and others. However, not all desirable proper-
ties can be satisfied simultaneously, and the choice of which
conditions should or can be imposed is closely guided by
the nature and context of the decision the function is meant
to support. We return to a discussion of these trade-offs in
Section 6.

Finally, we turn to the challenge of aggregating uncer-
tainty. As discussed in the previous section, moral evalua-
tions and assessments frequently depend on both descriptive
and moral uncertainty. At least some such cases call for a
form of aggregation not captured by the two kinds intro-
duced so far: value aggregation over morally relevant fea-
tures, and choice aggregation over preference profiles. In-
stead, what is needed is aggregation across a space of possi-
ble contexts (capturing descriptive uncertainty) and evalua-
tive perspectives (capturing normative uncertainty).

One principled approach to this challenge draws on the
structure of expected utility theory: given a set of relevant
contexts and value functions, each weighted by a degree
of credence, uncertainty aggregation aims to combine them
into a single meta-evaluation. The following definition cap-
tures this idea:!!

A comprehensive taxonomy of uncertainty aggregation under
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Definition 5 (Uncertainty Aggregation Function). Let V be
a numerical domain of moral values. Let A be a finite set
of options (also called alternatives), and let C' be a set of
contexts. Let V' = {vy,...,v,} be a finite set of valuation
functions v; : A x C — V™, representing distinct moral
theories or evaluative stances. Let

Pr:CxV —]0,1]

be a joint probability distribution over contexts and evalua-
tive perspectives.
An uncertainty aggregation function is a function

’LLprZA—>Vn

defined as:

>

(c,v)ECXV

upr(a) = Pr(c,v) - v(a,c)

for each option a € A. This yields a meta-value for each
option, reflecting its expected moral value under both de-
scriptive and normative uncertainty.

While other—potentially non-aggregative—approaches
to integrating descriptive and normative uncertainty (and
risk) into moral decision-making may exist, uncertainty ag-
gregation functions of the kind defined here arguably play
a central role in value-based moral decision-making under
uncertainty, as they enable the systematic combination of
evaluations across possible contexts (and their associated
outcomes) as well as across competing normative assump-
tions and evaluative perspectives. This raises the question of
how the different types of aggregation introduced so far—
value, choice, and uncertainty—fit into the structured model
of moral decision-making we developed earlier. We now re-
turn to the formal MDS framework to clarify their respective
roles.

5.2 Aggregation and Moral Decision Situations

We now revisit our formal model of a moral decision
situation (MDS) and argue that several of its constituent
functions—or natural extensions thereof—either instantiate
or rely on distinct forms of aggregation.

far: While fyy is formally defined as a mapping from op-
tions and contexts to morally relevant factors, it may re-
quire aggregation in at least two kinds of cases involving
uncertainty. First, under moral uncertainty, where mul-
tiple moral perspectives yield different criteria of rele-
vance, fj; must be supplemented by a mechanism that
synthesizes these perspectives into a coherent factor set.
Second, under descriptive uncertainty, when the context
itself is ambiguous or partially observed, f;; may depend
on a process that integrates across several plausible con-
textual states. In both cases, this introduces a form of un-
certainty aggregation, producing a moral input suitable
for downstream evaluative or deontic reasoning.

the label “Expectationalism”, which also distinguishes between ex-
post and ex-ante approaches and allows for modeling dependen-
cies between descriptive and normative uncertainty, can be found
in (Dietrich and Jabarian 2022).



vpre The option valuation function vys, which assigns a
moral value to an option based on its morally relevant
features, is a paradigmatic case of value aggregation. It
combines multiple morally significant factors—such as
well-being (potentially across individuals), fairness, or
autonomy—into a single evaluative score that supports
comparison and ranking.!?

ays: The value-sensitive permissibility function a}, de-
termines which options are deemed morally permissi-
ble based on their aggregated moral values. In cases
where the mapping from value to permissibility is itself
uncertain—for instance, due to indeterminate thresholds
or contested evaluative principles—a}, may depend on a
form of uncertainty aggregation, synthesizing judgments
across competing normative interpretations. These inter-
pretations might, in turn, be reconciled through a higher-
order application of choice aggregation.

dps: The moral decision function dp; selects one or more
options from the set of permissible ones. In contexts in-
volving multiple stakeholders, conflicting goals, or plural
evaluative perspectives, this function may require a form
of choice aggregation, for instance, to prioritize among
permissible options based on stakeholder input or exter-
nal criteria.

This analysis highlights that different stages of moral
decision-making necessarily or contingently involve distinct
types of aggregation, depending on the kind of input be-
ing combined and the form of uncertainty or pluralism at
stake. Recognizing whether aggregation is evaluative, social,
or uncertainty-driven is essential for clarifying what kinds
of justifiable design decisions and normative commitments
each stage demands. In the following sections, we explore
these types of aggregation in more detail, beginning with
moral aggregation and its challenges.

5.3 Moral Aggregation and Social Aggregation

Aggregation problems in moral machine decision-making
arise at two structurally distinct levels: within the agent’s
own moral reasoning, and in its interaction with plural hu-
man inputs. We refer to these as moral aggregation and so-
cial aggregation, respectively.

The distinction is reflected in the literature. For instance,
Hirose (2014) defines moral aggregation as a “trade-off be-
tween benefits to a group of individuals and losses to an-
other group,” thus highlighting the challenge of integrating
morally significant factors into a single evaluation. In con-
trast, social choice theory—as formalized in, e.g., Brandt
et al. (2016)—addresses how to derive collective decisions
from a profile of individual judgments or preferences.

We propose the following working definitions:

* Moral Aggregation: Within moral evaluation, the agent
must aggregate different morally relevant factors—such
as the consequences of actions, duties, rights, claims,
reasons, or values—to form an integrated evaluation of
the decision situation. This type of aggregation operates

2The moral value may be scalar or vector-valued depending on
the domain V, as discussed above.
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over features of the options themselves and their morally
salient aspects. Strictly speaking, the aggregation must
deliver a sufficiently rich structure to enable moral as-
sessment, which ultimately boils down to determining
the set of permissible options. In particular, this does not
necessarily require aggregating the morally relevant fac-
tors into a single real number (as sometimes assumed,
cf. (Hirose 2014)), or even into any quantitative structure
at all (such as vectors, cf. (Mill 1861; Sen 1980))."3

* Social Aggregation: Under conditions of moral uncer-
tainty and disagreement, especially when relying on hu-
man input, the agent must aggregate divergent judg-
ments or preferences provided by different stakeholders,
whether individuals or groups. This aggregation is so-
cial in nature: it concerns the integration of plural hu-
man perspectives into the machine’s normative reason-
ing. It can be learned implicitly (Christiano et al. 2017),
implemented through functions inspired by social choice
theory (Conitzer et al. 2024), or guided by discourse-
oriented procedural approaches, traditionally discussed
in political philosophy (Rawls 1985, 1995; Habermas
1990) and more recently in Al alignment (Gabriel 2020;
Gabriel and Keeling 2025).

While moral aggregation concerns the integration of
morally relevant information, social aggregation becomes
necessary when the machine must reason under pluralism
and normative uncertainty. Both forms of aggregation are es-
sential for constructing morally acceptable machine behav-
ior, but each introduces specific difficulties. Moral aggrega-
tion must address how diverse normative factors—assuming
they can be identified—should be weighted, compared, or
combined; social aggregation must address how human dis-
agreement and divergence of judgment should be processed.

In the following sections, we take a closer look at the nor-
mative structure of aggregation in moral machine decision-
making. We examine key constraints that govern both moral
and social forms of aggregation—highlighting when aggre-
gation can justifiably be used, and when it risks overrid-
ing morally significant considerations. Our analysis shows
that aggregation, while indispensable, must be treated as a
morally loaded process. Designing Al agents capable of jus-
tifiable, contestable, and corrigible moral decision-making
thus requires understanding not just how to aggregate, but
when—and on what terms—it is appropriate to do so.

6 Normative Constraints on Aggregation

Once we accept that aggregation plays an essential role in
moral decision-making for machines, the next question is
how aggregation should proceed. This question arises both
for value aggregation—how morally relevant factors are
combined into evaluations—and for choice aggregation—
how options are selected based on moral or stakeholder in-
puts. In both cases, normative properties of the aggregation
function shape what kinds of decisions can be justified.

In the social choice tradition, aggregation has been exten-
sively studied through a formal lens. Foundational work by

BFor a non-aggregative extension of maximizing act-
consequentialism as an example, see (Baum 2024).



Arrow (2012) identifies a set of desirable properties for pref-
erence aggregation functions: independence of irrelevant al-
ternatives (ITA), the Pareto principle, and non-dictatorship.'*
Arrow famously showed that no aggregation function can
satisfy all three simultaneously, which underscores the im-
portance of identifying context-specific normative priorities.

Conitzer et al. (2024) revisits this problem for Al
ethics, emphasizing properties like independence of clones
and strategy-proofness for moral decision-making. They
also highlight anonymity—requiring that participant iden-
tity not affect outcomes. While properties like strategy-
proofness and clone independence are relatively uncontro-
versial, anonymity raises particular challenges in moral con-
texts. To see why, consider cases where identity carries
moral significance: we might give a birthday person prior-
ity in lunch ordering, or recognize how cultural background
and lived experience shape moral perspectives. This raises
questions about when individual inputs deserve special pri-
ority.

This brings us to a normative constraint less frequently
formalized, but no less important: the liberalism condition,
introduced by Sen (1970). In its simplest form, liberalism re-
quires that some aspects of a decision be left to the authority
of individuals rather than the aggregation function. Sen for-
malized this as the idea that certain individuals should have
decisive power over particular issues. Although his famous
“liberal paradox” shows that this condition cannot be uni-
versally guaranteed alongside other desirable properties, it
remains a powerful normative intuition—especially in moral
decision-making.

Its relevance for Al becomes clear when we consider ma-
chines designed to act as personal moral agents. Think of
a wearable device, smartphone, or household robot. These
systems may be designed to reflect not collective values, but
the moral perspective of a specific user. For example, some-
one who considers nudity intrinsically wrong may want their
smartphone to flag or block such images. Aggregating across
many users to define what counts as ‘morally acceptable’ in
this case would violate their autonomy. In such cases, lib-
eralism means allowing individuals to constrain or override
the system’s behavior based on their own evaluative com-
mitments.

Even in shared or public systems—Ilike self-driving
cars, public-facing recommender systems, or medical triage
tools—there may be principled reasons to grant certain
agents standing to block or shape decisions. Liberalism in
these contexts may not follow from individual control, but
from institutional roles (e.g., a doctor’s judgment) or demo-
cratic legitimacy (e.g., a stakeholder representative’s veto).

Taken together, these observations clarify a key result of
our analysis: moral decision-making for machines cannot
rely on aggregation alone. While aggregation is necessary—
to integrate diverse moral considerations, to reconcile plu-
ralism, and to handle uncertainty in a principled manner—
it must be guided by substantive normative judgments
about aggregation, e.g., which values deserve priority, which

“We omit technical definitions here, since they would distract
from the conceptual point.
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voices deserve standing, and which decisions are properly
left to individual discretion. These choices are not merely
technical but deeply moral. In the final section, we return to
the broader challenge: can social aggregation ever replace
moral evaluation—or must we treat both as indispensable to
morally competent artificial agents?

7 Summary

One might hope to bypass moral and uncertainty aggre-
gation challenges through social aggregation—procedures
synthesizing judgments and preferences of individuals or
groups. This approach, common in Al alignment work
(Gabriel 2020; Gabriel and Keeling 2025), suggests delegat-
ing moral evaluation to public and fair, collective processes
when agreement on moral features or evaluation methods is
unavailable.

However, as Baum (2020) argues, this strategy merely
relocates the site of moral decision-making. Social aggre-
gation itself rests, as many other morally significant de-
sign decisions, on a series of positive normative choices
(Wachter, Mittelstadt, and Russell 2021): Who counts as
a stakeholder? How are inputs represented and weighed?
Which aggregation procedure with which properties is used?
These design choices are not morally neutral—they structure
the outcome, and must themselves be normatively justified.

The implication is not that social aggregation should be
rejected, but that it must be treated as a morally charged
process in its own right. In the absence of consensus on sub-
stantive moral principles, the best we can aim for is a form of
decision-making that makes its assumptions explicit, allows
for scrutiny, and remains open to revision.

In this paper, we have proposed a structured view of
aggregation in moral machine decision-making, introduc-
ing three types—value aggregation, choice aggregation, and
uncertainty aggregation—and mapping them to our formal
moral decision situation framework. We explored normative
constraints on these functions and examined risks in defer-
ring moral reasoning to social aggregation.

The upshot is that aggregation is not a substitute for moral
reasoning, but a morally embedded design problem. Build-
ing morally competent machines requires identifying appro-
priate aggregation types for each stage and context. Such
systems must embody transparency, contestability, and cor-
rigibility: their decisions must be traceable to explicit nor-
mative justifications, open to challenge, and responsive to
new perspectives.
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