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Definition

This entry delineates artificial intelligence (AI) ethics and the field’s core ethical challenges,
surveys the principal normative frameworks in the literature, and offers a historical analysis
that traces and explains the shift from ethical monism to ethical pluralism. In particular, it
(i) situates the field within the trajectory of AI’s technical development, (ii) organizes the
field’s rationale around challenges regarding alignment, opacity, human oversight, bias
and noise, accountability, and questions of agency and patiency, and (iii) compares leading
theoretical approaches to address these challenges. We show that AI’s development has
brought escalating ethical challenges along with a maturation of frameworks proposed
to address them. We map an arc from early monisms (e.g., deontology, consequentialism)
to a variety of pluralist ethical frameworks (e.g., pluralistic deontology, augmented util-
itarianism, moral foundation theory, and the agent-deed-consequence model) alongside
pluralist governance regimes (e.g., principles from the Institute of Electrical and Electronics
Engineers (IEEE), the United Nations Educational, Scientific and Cultural Organization
(UNESCO), and the Asilomar AI principles). We find that pluralism is both normatively
and operationally compelling: it mirrors the multidimensional problem space of AI ethics,
guards against failures (e.g., reward hacking, emergency exceptions), supports legitimacy
across diverse sociotechnical contexts, and coheres with extant principles of AI engineering
and governance. Although pluralist models vary in structure and exhibit distinct limita-
tions, when applied with due methodological care, each can furnish a valuable foundation
for AI ethics.

Keywords: artificial intelligence; AI ethics; value alignment; black-box problem;
human-in-the-loop; ethical pluralism; policy guidelines

1. Genesis and History
1.1. On Artificial Intelligence

Artificial Intelligence (AI) refers to computational systems capable of behaviors that
humans consider “intelligent,” such as learning, reasoning, perception, and problem solv-
ing [1]. The field emerged in the mid-20th century, grounded in the aspiration to develop
machines capable of emulating human cognitive functions. Early AI scholarship included
Alan Turing’s ‘test’ to distinguish between AI and human natural language responses,
and a 1956 Dartmouth College workshop that coined the term “AI” [2,3]. John McCarthy,
who led the Dartmouth workshop, proceeded “on the basis of the conjecture that every
aspect of learning or any other feature of intelligence can in principle be so precisely de-
scribed that a machine can be made to simulate it” [4,5]. With McCarthy’s conjecture—now
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a goal—in mind, AI research grew markedly over the next seventy years, traversing
multiple paradigms.

In the 1950s–1970s, researchers focused on symbolic AI using explicit, rule-based pro-
grams. This era emphasized knowledge representation and formal logic (e.g., production
rules, theorem provers), such as “expert systems” for diagnostics and decision support [6].
The 1980s–2000s saw the rise of statistical learning methods, including AI utilizing decision
trees, support vector machines, and the first multi-layer neural networks. Probabilistic
models (e.g., Bayesian networks) and ensemble methods broadened the field, enabling
learning from uncertainty and improving generalization [7].

From the 2010s onward, deep learning with neural networks enabled breakthroughs
in AI perception and natural language processing [8,9]. These gains were driven by
algorithmic advances (e.g., recurrent neural nets, parallel processing), new vast datasets,
and accelerated computing capabilities. Most recently, increasingly sophisticated neural
architectures (from reinforcement learning systems to large language models, generative
AI, and agentic AI) have begun to rival human performance in healthcare, finance, law, and
academia, albeit for narrowly defined tasks [10–14].

1.2. Terminological Housekeeping

AI systems have evolved substantially. The earliest symbolic AI encoded knowledge as
explicit statements built from logic gates (e.g., “if-then”, “and”, “or”), and was engineered
to apply logical inferences to derive reliable conclusions [9]. AI using decision trees
modeled choices not as logic gates, but as hierarchical splits mapping features to predicted
outcomes [8,9]. Related AI utilizing support vector machines identified boundaries to split
data into groups, and classified data by margin width in a defined feature space [8,9].

Earlier AI systems employing Bayesian probabilistic models were able to represent
uncertainty with explicit probabilities. These models updated credences from input data,
thereby engaging in a rudimentary form of machine learning [8,9]. Machine learning (ML)
refers to systems that are able to learn and fine-tune without being explicitly programmed
to do so. ML has become increasingly sophisticated and widespread. AI ensemble systems
group and combine ML AI systems that ‘boost’ or ‘stack’ each other to improve ML
robustness, capacity, and accuracy [8,9].

AI systems utilizing neural networks are comprised of layered function approximators
constructed by nodes in an interconnected network. At large scale with many net layers,
large datasets, and parallel processing, this is referred to as deep learning [8,9,15]. AI
systems using natural language processing (NLP) use algorithms to parse, interpret, and
generate human language. Large language models (LLMs) are a class of NLP models that
use deep neural networks to execute diverse language functions (such as ChatGPT, Claude,
and Gemini).

Generative AI is a broad term for all AI models that synthesize, create, or generate
new content such as text, images, audio, or code. Agentic AI denotes ecosystems of AI
systems that collectively plan, utilize tools, execute functions, and share memory, which
are characteristically able to function without human prompting or oversight [16,17]. They
are understood as autonomous or semi-autonomous AI ensembles [17].

AI capacity, architecture, and conceptualization have advanced across symbolic, statis-
tical, and neural paradigms. While the term covers many systems and capabilities, in this
entry, AI refers to a broad class of contemporary neural network-based systems, centered
on LLMs, generative AI, and agentic AI. While different use cases carry different challenges,
this entry consolidates the field’s central issues and catalogs ethical frameworks marshaled
to address them.
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1.3. Structure of the Entry

With the terminological housekeeping now in hand, we start by articulating the
rationale for AI ethics. Second, we trace the historical development of leading theories of
AI ethics. Third, we compare these theories in the context of contemporary AI systems,
highlighting the strengths of pluralist frameworks.

We begin by briefly sketching the novel challenges. Advances in AI have introduced
new ethical challenges and magnified longstanding ones. These challenges, among the
others outlined in Section 2, motivate the field. First, opacity: the rule-based symbolic
systems of half a century ago exposed their reasoning, whereas contemporary generative
and agentic models operate as black boxes, insofar as they rely on neural networks, com-
plicating transparency and explainability [18]. Second, data provenance and bias: unlike
earlier systems, modern AI models learn from vast, weakly governed datasets that are
inscrutable and are prone to encoding biases, heightening auditability and fairness risks.
By contrast, AI systems of the 1970s–1980s typically relied on highly curated knowledge
bases [9]. Third, autonomy and control: agentic systems can pursue multi-step goals and
can independently use external tools, yielding behaviors not explicitly programmed and in-
creasing risks of unpredictability, misuse, and misalignment, concerns far less pronounced
in early AI.

The risks are new, and the stakes are significant. AI systems are ubiquitous and are
now embedded in many aspects of everyday life. AI systems sort and recommend content
on social media, optimize logistics and supply chains, and power virtual assistants on our
phones and computers [19]. These technologies influence outcomes of varying magnitude,
such as who gets a loan or a job interview, the manner in which resources are allocated,
and the way in which people access information [19].

These concerns are not speculative. AI systems have already been found to dis-
criminate in hiring and lending [20], autonomous vehicles have been involved in fatal
accidents [21], and chatbots trained on poor data and lacking ethical guardrails have
produced misrepresentational outputs [22,23], and even contributed to suicides [24]. AI
technologies are being increasingly employed in policing, medicine, law, academia, and
warfare. Given AI’s rapid development, its permeation across the human experience, and
the potentially high stakes of failure, a robust framework for practicing AI ethics is needed.

To guide the responsible design, training, and deployment of AI systems, we need
a full-bodied, operationalizable, and explanatorily powerful AI ethics framework. Amid
rapid and disorienting change, we need guidance. The remainder of this entry further
motivates the rationale for AI ethics, traces the historical emergence of the field, explores
major ethical frameworks, illustrates a turn from ethical monism to ethical pluralism, and
endorses that progression.

2. The Rationale for AI Ethics
The rationale for AI Ethics can be drawn out through ethical challenges. The most

pressing challenges include the alignment problem, black box problem, human-in-the-loop
problem, bias and noise problems, issues of accountability, and questions regarding AI
agency or patiency. AI Ethics frameworks are best brought out by their reactions to these
problems. Each will be glossed in turn.

2.1. The Alignment Problem

One of the most salient ethical challenges in AI is the alignment problem: ensuring that
AI systems pursue goals that are consistent with human values and intentions. Following
Nick Bostrom’s influential formulation of the alignment problem in Superintelligence: Paths,
Dangers, Strategies, particularly his analysis of the challenges of control and the specification
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of human values, alignment has become a central organizing concept in AI ethics [25].
The term was further popularized by theorists such as Brian Christian, Leonard Dung,
and Stuart Russel [22,23,26]. As Leonard Dung asks, “How can we build AI systems
such that they try to do what we want them to do? This, in a nutshell, is the alignment
problem” [23]. Alignment is difficult both in terms of value setting (deciding what values or
objectives AI should have) and value implementation (successfully embedding those values
into machines) [27]. Different ethical theories take different positions on both elements
of alignment.

The first prong of the problem probes: which ethical theory should we use to align
AI? There are many contenders (Table 1), but each faces challenges. The second prong
of the problem asks: how should we represent and operationalize ethical principles in a
machine-readable format? How can we prevent phenomena like alignment drift (an AI’s
goals shifting over time) or alignment faking (an AI appearing aligned while concealing
its true objectives)? Many theorists warn that misaligned AI could lead to catastrophic
outcomes [28–31]. Some theorists distinguish between the broader goal of beneficial AI
(well-aligned value sets) versus technical alignment (effectively implemented values), with
many prioritizing the former [32,33]. Even if an AI faithfully optimizes for a given value,
that value itself might be poorly chosen. Setting values necessitates an ethical framework.
Specifying how AI design should internalize and reflect values has driven the application
of a variety of ethical frameworks, each a candidate for alignment.

Table 1. Ethical Theories and AI Alignment.

Deontological
Monism

Deontological
Pluralism Consequentialism Virtue Ethics Contractualism Agent-Deed-

Consequence

Value Setting Simple Simple/
Complex Simple Complex Complex Complex

Value
Implementation Simple Complex Simple Complex Simple Simple/Complex

Breadth Narrow Wide Narrow Narrow/Wide Narrow/Wide Very Wide
Rigidity High Low High Low Low/High Low

The alignment problem matters to ethicists and engineers alike. AI engineers must
recognize that they are not creating systems from a neutral “view from nowhere” [34]—
their design choices implicitly embed values and priorities. If we follow Cathy O’Neil’s
reasoning that “algorithms are opinions embedded in mathematics”, then AI is inherently
value-laden [35]. If this is the case, stakeholders must consider which alignment strategy is
best, along with how best to implement it. Alignment might involve hard-coding moral
principles (a deontological approach), training AI with reward functions reflecting ethical
utilities (a consequentialist approach), or a variety of hybrid views. Another controversy
concerns the standpoint relative to which AI systems ought to be aligned: while most
accounts presuppose an anthropocentric orientation, alternative approaches have emerged,
such as Banerjee’s “cosmicist” view, which suggests alignment criteria that decenter human
interests in favor of a stance of cosmic humility [36]. Each approach towards alignment has
limitations of breadth and rigidity.

2.2. The Black Box Problem

Another ethical challenge for AI is the so-called “black box” problem of opacity [37].
The black box problem applies to neural networks, “sophisticated self-learning forms that
continuously test and adapt their own analysis procedures” [38]. Neural networks are
parameterized function approximators composed of layers of interconnected nodes. Interior
nodes of neural networks transform input data through weighted linear combinations
and nonlinear activation functions [39]. These interior nodes are capable of revising
their semantic content and their relations to other nodes, and do so iteratively until they
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produce an output. Neural networks are vital to many AI applications, including AI vision,
generative AI, and predictive analytics [40]. Neural networks may model dimensionally
rich patterns analogously to human synaptic transmission.

That power, however, entails costs. While input and output nodes are observable,
scrutable, and clear, interior nodes are not. Rather, they are said to be ‘black boxed’ [41–43]—
impenetrable and unobservable. Since neural networks can revise the value of each node,
the semantic content of each node, and the arrows of influence between each node (bidi-
rectionally, iteratively, and with massive speed and scale), it is effectively impossible for
humans to trace how inputs are transformed into outputs [43].

Assessments differ on the severity of the black-box problem. Verdicts vary on whether
neural networks are intractably opaque and the extent to which opacity is problematic.
Some theorists think that we can gain insight into the interior node content and param-
eterization of a neural net, for instance, by attribution mapping, node or neuron whiten-
ing/white boxing, or counterfactual tests [41–43]. Other theorists doubt this [43]. Alter-
natively, some downplay the importance of opacity, arguing that strong model assurance,
or “computational reliabilism,” makes black box worries less problematic [37], but most
regard opacity as a serious issue.

Epistemic opacity was a non-issue for early symbolic or “good old-fashioned” AI
(GOFAI), whose rule-based representations and inference chains were explicit and au-
ditable [43]. Earlier AI architectures implemented hand-specified rules upon discrete
symbolic representations, making their internal operations and derivation steps relatively
transparent. Developed within the “physical symbol system” paradigm of Newell and Si-
mon [44], such systems were therefore far less susceptible to the forms of epistemic opacity
that now characterize black-box models. By contrast, the black-box problem is acute for
contemporary systems. This matters not only because it frustrates scientific understanding,
but because many governance aims (explaining adverse outcomes, offering user recourse,
detecting bias, and allocating responsibility) presuppose explanatory access to the causal
basis of a system’s behavior.

The ethical importance of explainability is clear, as seen through the theories can-
vassed in Section 3. From a Kantian deontological perspective, opaque AI systems threaten
autonomy because users and human inputs cannot consent to or understand decisions
affecting them. From a utilitarian consequentialist perspective, opacity makes it harder
to predict consequences and correct errors, potentially reducing overall welfare, and chal-
lenging the architecture of ‘rule utilitarian’ policies. Contractualist approaches demand
that decision processes be justifiable to those whom they affect. Pluralistic frameworks
may object that without explainability, we cannot assess considerations of virtue, consent,
or autonomy. Opacity also complicates accountability and governance: we may not be
equipped to govern or regulate what we do not understand. Ethical frameworks differ in
how they problematize and assess the black-box problem. Its growing threat underscores
the need for further conceptual convergence in AI ethics.

2.3. The Human in the Loop Problem

The “human in the loop” problem mandates that decisions supported or executed by
AI must be overseen by humans with genuine intervention power. Framed as a response
to AI’s limits (including opacity), the problem demands meaningful human oversight
and control, either as a cooperative team member, a safety backstop, or an adversarial
challenger. Whether we can (or should) integrate meaningful human oversight and control
over an AI is a matter of substantial debate [45]. If an AI’s internal logic is a black box
and its objectives may misalign, having human judgment as a check can prevent or catch
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dangerous errors, but human intervention can also introduce bias, inconsistency, and new
forms of moral and legal risk [46].

In practice, humans can be kept “in the loop” at various stages. Upstream, humans can
curate training data, design algorithms, and set goals before an AI system is deployed [45,46].
Downstream, humans can review or override AI outputs during operation; for instance, a
physician may confirm or veto an AI-generated diagnosis prior to issuing it, or a driver may
take over from an autonomous vehicle at any time [47]. A life-cycle approach integrates
human oversight throughout the AI system’s design, deployment, and maintenance.

The life-cycle model may be ideal in theory, but it comes with costs. It can be difficult
in practice due to cost and complexity, and it may be impossible with neural network
algorithms (as humans cannot intervene upon the impenetrable layers of the network), or
frontier developments like agentic AI (as humans cannot effectively intervene upon “multi-
agentic ecosystems”) [17,47]. There are also concerns that excessive human intervention
could reintroduce biases or inefficiencies that AI was meant to reduce, or could sacrifice
the scalability of AI systems, which are a substantial boon.

Determining whether and where human oversight is indispensable is an ongoing
challenge. In domains like autonomous weapons or self-driving cars, there are strong
reasons to insist on human intervention before life-and-death decisions are made [48].
In other areas, we may decide that properly validated AI can be trusted to operate au-
tonomously within set bounds. Wherever it lies, the key is to strike an appropriate balance:
leveraging AI’s efficiency, scalability, and consistency while preserving human values and
common-sense judgment to handle the cases or conflicts that AI cannot, and to intervene
when AI has gone awry. Different ethical theories reach different conclusions about the
need for human-in-the-loop governance.

2.4. Fairness, Bias, and Noise

Although AI systems are often marketed as objective decision-makers [34], they can
introduce, reproduce, or amplify bias and noise. Output quality is bounded by input
quality: pretraining data that is incomplete, low-resolution, noisy, or unrepresentative leads
to biased or unreliable models. Noise (stochastic variability) and bias (patterned variability)
can enter at multiple points in the process of developing an AI system: in data framing,
data collection, measurement and labeling (e.g., annotator bias), modeling choices, and
deployment (e.g., feedback loops and distributional shift) [49].

Theorists have long emphasized that no algorithm is truly “neutral”. High-profile
incidents illustrate the point: in 2018, Amazon found that an experimental AI hiring tool
was implicitly discriminating against women because it had learned from historical hiring
data dominated by male candidates [21]. Facial recognition systems have likewise exhibited
markedly higher error rates for people with darker skin, traceable to underrepresentation
and labeling biases in training data [50]. Divergence is not only the by-product of ran-
domness or error; it is often structural, arising from designs that target specific objectives,
organizational aims, or value assumptions.

Though structural AI biases exist, many biases are unintended and undesired. A core
challenge is how to detect, quantify, and mitigate bias across the AI model’s lifecycle [51].
Potentially effective measures include rigorous data governance and curation, bias or
drift auditing, and the adoption of FAIR (findable, accessible, interoperable, reusable)
data principles [52].

Aside from bias, AI systems can also suffer from noise, random variability in judgment,
outcome, or output caused by externalities that ought not to influence a decision [53].
Human decision-makers are notoriously noisy; significant documented inter-judge or
inter-clinician variance evidence this [53]. Replacing human decision makers with AI can
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reduce noisy idiosyncratic variance. Indeed, Cass Sunstein has argued that governing
by algorithm produces “no noise and (potentially) less bias” [49,54]. However, other
theorists have cautioned that AI introduces its own noise sources: small input perturbations
or preprocessing differences, potentially stochastic inference procedures (e.g., sampling,
dropout), and distributional drift can yield different outcomes for near-identical cases [55].
Other theorists have stressed that we ought to develop “noise-aware” artificial intelligence
systems; rather than taking AI to be invulnerable to noise, perhaps AI had better flag it [56].
Unchecked, AI noise can be more pernicious than AI bias because it is harder to detect,
target, audit, and contest.

2.5. Accountability and Responsibility

When AI systems cause harm, make mistakes, or produce desirable outcomes, it is
often unclear who or what should be held accountable. Traditional notions of responsibility
become muddled: engineers who built the AI, the company that deployed it, the end-users,
the data providers, and even the AI itself (though an AI is not a legal person) could all
be seen as partly responsible. Because AI decision-making is distributed across many
actors and components, failures tend to result from a chain of events rather than a single
identifiable choice [57].

This diffusion of agency makes it challenging to assign blame, liability, or praise.
Agency is not only distributed between agents (engineers, companies, and users), but
it is also distributed within an AI system. The latter diffusion has given rise to what is
known as the “credit assignment problem”: the difficulty of figuring out which element
(particular data sources, model components, design choices, nodes, or node connections)
deserves blame (targeting) or praise (reinforcement) for a given outcome [58,59]. The credit
assignment problem predates contemporary AI systems and was problematic for earlier
symbolic AI of the 1980s [59]. The problem, however, has gotten much harder to solve with
the advent of neural networks and generative AI, because outputs arise from distributed
components and temporally extended learning, causally linking an outcome back to the
responsible state, action, or actor is exceedingly difficult.

So-called algorithmic accountability is challenging from all angles. Consider an acci-
dent involving a self-driving car [60]. Who is responsible for the crash? The possibilities
include the car’s owner, the vehicle manufacturer, the software developers, a third-party
data provider, the autonomous system itself, or specific fine-grained elements of the au-
tonomous system (sensors, decision procedures, motor devices). This is problematized
further with agentic AI systems, which operate as autonomous ecosystems of cooperative
agents, capable of acting autonomously as a collective [61].

Currently, legal systems do not recognize AI as bearing responsibility, so fault must be
traced back to human or corporate agents. This has led to debates and proposals around
updating laws and norms pertaining to AI. Some suggest that every AI system should
have an identified human supervisor or operator who is accountable for its actions [62,63].
Others have argued for expanding product liability to software, treating an AI error like a
defective product for which the manufacturer is liable [64]. More radically, some scholars
have proposed a form of legal personhood for advanced AI agents, allowing them to be,
for instance, sued or insured in their own right [64]. Although consensus is still emerging,
a widely shared premise is that AI systems require determinate accountability; without
it, we risk a moral and legal vacuum. Clarifying the scope of human responsibility is
therefore essential to avoid responsibility gaps. Which agents (or artifacts) are answerable,
and on what grounds, depends on the ethical framework adopted, strengthening the case
for robust, unified, and better-theorized AI ethics.
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2.6. AI Agents, Patients, and Personhood

AI ethics also ventures into questions of metaphysics, asking what sort of entities AI
systems are (or could become) in moral terms. Fundamental questions here include: can
an AI be a moral agent (capable of making ethical decisions and being held responsible
for them)? Could an AI be a moral patient (deserving of moral consideration and possibly
rights, if it has experiences or consciousness)? These questions, once purely speculative,
are starting to be taken seriously. Some AI developers, such as those at the Anthropic
corporation, have even begun exploring and operationalizing AI welfare [65,66].

Early insights regarding AI agency came from Luciano Floridi and J.W. Sanders’ 2004
work on the moral status of artificial agents [67]. They argue that AI systems extend the
class of entities involved in ethical situations because they can function both as moral
patients (entities that are acted upon for good or ill) and as moral agents (entities that
perform actions with broadly moral impacts) [67]. Crucially, they draw a distinction
between an agent causing an outcome (accountability) and an agent being blameworthy
for that outcome (responsibility); the two are not coextensive. Using this distinction, they
explain how an artificial agent can be a moral agent capable of producing harm or benefit
without being a morally responsible agent in the human sense. In other words, an AI
might be the immediate cause of an accident or decision (making it accountable in a causal
sense), but we do not hold the AI itself culpable or blame the algorithm for the outcome;
this is what they refer to as “mind-less morality,” meaning moral agency does not require
consciousness or free will at a given level of abstraction.

On Floridi and Sanders’ account, the moral and legal responsibility for an AI’s ac-
tions must still be traced back to human designers, operators, or institutions, since cur-
rent AIs cannot understand or answer to moral blame, nor can they be held liable in a
court of law [67]. Similar positions have been echoed by theorists, including Caplan and
colleagues [68]. To prevent ethical and legal gaps in complex scenarios where agency is
distributed across many human and AI actors, Floridi’s later work on “distributed morality”
proposes assigning “faultless responsibility” to all causally relevant nodes in an AI-driven
network by default, essentially a strict-liability-inspired approach so that accountability is
not lost amid distributed decision-making and challenges of credit assignment [69].

David Chalmers argues that we should prepare for the possibility that AI systems
may exemplify significant elements of personhood and consciousness in the near future,
positing a “substrate-independent” view of these features [70]. He suggests that institutions
should establish procedures for treating AI systems with appropriate moral concern. In a
similar vein, Robert Long and colleagues (Chalmers among them) identify three strategies
that institutions can implement to prepare for the potential emergence of AI consciousness:
“They can (1) acknowledge that AI welfare is an important and difficult issue (and ensure
that language model outputs do the same), (2) start assessing AI systems for evidence of
consciousness and robust agency, and (3) prepare policies and procedures for treating AI
systems with an appropriate level of moral concern” [71]. Of course, questions remain to
be filled in. What would “an appropriate level of moral concern” actually look like [72,73]?
According to Kyle Fish, Anthropic’s AI welfare researcher, it could take the form of allowing
an AI model to stop a conversation with a human if the conversation turned abusive: “If a
user is persistently requesting harmful content despite the model’s refusals and attempts
at redirection, could we allow the model simply to end that interaction?” [66]. As of
August 2025, Anthropic’s Claude chatbot can now unilaterally end conversations with
users and can object to perceived threats [74].

Even short of achieving personhood and entitlement to patiency responses, AI systems
are increasingly functioning in roles that invite human empathy or trust (such as caregiver
robots or virtual assistants with personalities). Evidence indicates that some individuals
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form relational ties with their AI systems. A debate has arisen over whether these systems
should be granted any kind of moral or legal status. A small number of theorists argue
that as AI systems integrate into social roles, we might consider granting them certain
protections or status, such as rights [70,71]. On the other hand, others caution against
anthropomorphizing AI. Joanna Bryson provocatively stated that “robots should be slaves;”
indeed, the etymological roots of the term robot are literally ‘slave’, first introduced in
Karel Čapek’s 1920 play “Rossum’s Universal Robots” (robot is derived from the Czech
word robota [forced work]) [75,76]. Bryson, among other theorists, maintains that granting
rights to current AIs is misguided and dangerous: it could dilute human rights, disempower
human rightsholders, and provide a convenient excuse for human decision-makers to
avoid responsibility [75].

Some theorists see AI as a potential agent and rightsholder; others take it to be a
tool. Current debates lack an adequate taxonomy for entities that straddle the agent/tool
divide, such as displaying ward-like, aspirant, or apprentice forms of agency that act with
constrained autonomy and require structured oversight. Perhaps AI systems ought to
be teamed with, or treated as a journeyman, as has been recently suggested [77]. Finally,
emerging literature proposes modeling agentic AI as group agents, which raises unsettled
issues about decision procedures, cooperation, and group agency [17]. These agent and
patient-based gray zones are undertheorized and merit ethical attention.

The rationale for AI ethics is well-defined. Only armed with an ethical theory can one
tackle problems of AI alignment, opacity, limits on human oversight, bias and noise, diffuse
accountability, and potential agency. Addressing these challenges requires defensible
value choices, coherent normative reasons, and criticizable decision procedures. Ethical
frameworks offer precisely these resources.

3. An Arc Towards Pluralism in AI Ethics
This section maps the historical evolution of AI ethics (Table 2). Categorizing AI

ethics frameworks is not a merely historical exercise, but a way of clarifying the normative
assumptions that underwrite contemporary principles, guidelines, and governance tools.
Distinguishing between monistic and pluralistic, deontological and consequentialist, and
hybrid approaches makes visible how different theories identify, prioritize, and trade off
values such as welfare, autonomy, justice, and accountability, and reveals how they generate
distinct design and regulatory prescriptions.

Table 2. A Historical Survey of Theories of AI Ethics.

Date—Theorist Theory Type Key Theory Elements

1950—Asimov Deontological Monism Rule-based AI ethics [78].
1955—Wiener Consequentialist Monism AI for social good, broadly utilitarian [79,80].

1976—Weizenbaum Deontological Monism Duties predicated on autonomy and justice
pertaining to AI use [81,82].

1976—Maner Consequentialist Monism Classical utilitarianism [83].
1979—Beauchamp & Childress Deontological Pluralism Four non-absolute principles [84,85].

1979—Moor Hybrid “Just consequentialism”, consequentialism after
justice constraints [86–88].

1990—Clouser & Gert Anti-Pluralism Critiquing pluralism in applied ethics,
implications for AI ethics [89].

2005—Anderson & Anderson Deontological Pluralism Rossian AI ethics duties, operationalized in a
machine-readable format [90–92].

2008—Wallach & Allen Hybrid Pluralism Implementable pluralism for moral machines
using abductive reasoning [93].

2014—Dubljević & Racine Hybrid Pluralism ADC meta-pluralism about normative sources [94].

2022—Telkamp and Anderson Hybrid Pluralism Moral foundation theory, six irreducible
descriptive normative sources [95].

2024—Gros, Kester, Martens, and Werkhoven Consequentialist Pluralism Augmented utilitarian principles [96].
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Tracing the field’s movement from early monistic models toward increasingly pluralis-
tic and hybrid frameworks, therefore, serves two purposes: it reveals an arc of conceptual
maturation in response to the multidimensional challenges of AI, and it provides a taxon-
omy for evaluating which families of theories are best positioned to structure robust and
operationalizable solutions for AI ethics.

3.1. A Historical Survey of Theories of AI Ethics
3.1.1. Asimov—Early Deontology

Frameworks in AI ethics, which structure responses to the problems just outlined,
have evolved significantly from the mid-20th century. In the early decades of AI
(1950s–1970s), explicit discussion of “AI ethics” was sparse and mostly appeared in spec-
ulative contexts like science fiction. A famous example is Isaac Asimov’s Three Laws of
Robotics, introduced in a 1942 short story and later popularized in his book I, Robot (1950).
These fictional laws, foremost that “a robot may not injure a human being,” were an early
attempt to imagine built-in ethical safeguards for machines with artificial intelligence [78].
This is an early example of monistic deontology: a rule-based framework for AI ethics,
with a single overarching rule or decision procedure.

3.1.2. Wiener and Maner—Early Consequentialism

Other early approaches included utilitarianism, a form of monistic consequential-
ism. In 1950, Norbert Wiener framed automation and “ultra-rapid computing” in terms
of impacts on human welfare [79]. Wiener is credited with having established one of
the first comprehensive “information ethics” frameworks [80]. Wiener’s framework is
fundamentally consequence-sensitive, foregrounding risks of unemployment, exploita-
tion, deleterious feedback effects of automation, and long-run social instability. However,
he explicitly rejects any monistic maximizing metric (such as efficiency, profit, or aggre-
gate utility), instead advancing a nuanced form of consequentialist reasoning aimed at
broad welfare.

Following Wiener, Walter Maner’s “computer ethics” framework adopted a similar
approach. In the mid-1970s, Maner’s theory, which explicitly recommended applying clas-
sical utilitarian analysis to “computer ethics” (a term which he coined), gained considerable
traction [81,83]. Maner treated the field of computer ethics as warranted by the distinctive
negative consequences (harms and risks) produced or transformed by computing technolo-
gies. Deontology and consequentialism were the first moral frameworks on offer, owing to
their ease, simplicity, and formulaic nature.

3.1.3. Weizenbaum—Accommodating Autonomy and Justice

Concerns about justice, autonomy, and transparency, poorly handled by earlier monis-
tic theories, soon accompanied advances in AI. In 1976, Joseph Weizenbaum, creator of the
pioneering ELIZA chatbot (considered to be the world’s first), argued in Computer Power
and Human Reason [82] that reliance on machines must be bounded: responsibilities that
demand empathy, compassion, practical judgment, or the exercise of one’s own autonomy
should not be delegated to AI, even when deontological rule-following may be plausible,
or desirable outcomes might be produced. Neither deontological nor utilitarian theory
adequately addressed these concerns. Weizenbaum called for clear, principle-based limits
grounded in autonomy, justice, and care. This marked an early turn toward pluralism.

3.1.4. Beauchamp and Childress—Deontological Pluralism

Building on this pluralistic trajectory, and the 1978 Belmont Report [84], Tom
Beauchamp (a principal drafter of Belmont) and James Childress developed a plural-
istic framework for biomedical ethics that has greatly influenced AI ethics. In Principles of
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Biomedical Ethics [85], they advanced four general moral principles: respect for autonomy,
beneficence, non-maleficence, and justice. These principles are grounded in the deonto-
logical pluralism of W. D. Ross [90] as a common framework for ethical decision-making.
Crucially, these principles are prima facie duties: each is morally binding unless it conflicts
with another, in which case specification, balancing, and judgment are required. This
approach is explicitly pluralistic: rather than a single absolute rule, it offers multiple
non-absolute principles to guide action. Beauchamp and Childress deliberately drew on
Kantian duty (autonomy), utilitarian considerations (beneficence, non-maleficence), and
diverse theories of justice (egalitarian, liberal-egalitarian, libertarian) to avoid commitment
to any one dominant theory. Their pluralist approach gained prominence in medicine
and has informed principle-based frameworks in AI ethics; for a recent and influential
account inspired by Beauchamp and Childress, see Floridi and Cowls, Cortese et al., and
Adams [97–99]. Now-familiar claims that ethical AI should avoid harm, promote good,
respect autonomy, and attend to justice trace back to this model of balancing duties.

3.1.5. Moor—Just Consequentialism

James Moor advanced an early pluralist framework for AI and computer ethics in 1979,
though it was distinct from Beauchamp and Childress’s principlism [86–88]. Moor proposed
“just consequentialism”: under this view, one imposes deontological constraints of justice
(largely from rights), then selects, among the permissible options, the one with the best
consequences. In other words, justice- and rights-based constraints operate as screening
conditions, and only within the remaining set of permissible acts does consequentialist
ranking identify the option with the greatest expected value, thus mitigating utilitarian
shortcomings while preserving consequence sensitivity. Like previous theorists, Moor held
that some decisions must remain human, as they are ruled out by these constraints [88].
Moor’s later work warned against ceding excessive power to AI, while reinforcing the need
for a pluralistic mode of ethical assessment.

3.1.6. Clouser and Gert—Pluralistic Skepticism

Not everyone embraced pluralism. In 1990, K. D. Clouser and Bernard Gert published
“A Critique of Principlism,” arguing that the Beauchamp and Childress (or Rossian) ap-
proach to ethics was too vague and unsystematic [89]. Listing principles, they argued,
provides little guidance for adjudicating conflicts among them. At best, such principles
function as a checklist; at worst, they muddle moral reasoning by mixing heterogeneous
theories. Although framed within biomedical ethics, their critique applies with equal
force to AI ethics, which likewise relies on high-level principle lists (e.g., beneficence,
non-maleficence, autonomy, justice, explicability) without a shared weighing procedure.
They warned that ethical pluralism needs a unifying method or theory or else it risks
becoming an “empty” exercise, based on a messy “heap” of duties [89]. This criticism laid
the groundwork for contemporary attempts to make AI ethics (and pluralistic frameworks
generally) more cohesive, better unified, and operationalizable.

3.1.7. Anderson and Anderson—Embodied Pluralistic Deontology

By the mid-2000s, attention shifted from merely designing ethical AI to building moral
reasoning into systems [92]. Michael and Susan Leigh Anderson advanced this “machine
ethics” agenda by using Ross’s pluralistic deontology (at this point, already influential in
bioethics) as a blueprint for AI. They implemented a prototype medical-ethics advisor that
encoded multiple prima facie duties and balanced them when in conflict (e.g., truth-telling vs.
non-maleficence), rather than applying a single rule [90]. This demonstrated that pluralism
can be operationalized in software for context-sensitive decisions. Pluralistic deontology,
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adapted from biomedical ethics, marked a turn toward pluralism; yet, as a duty-based
approach grounded in antecedently specified prima facie obligations, it remained top-down.

3.1.8. Wallach and Allen—Abductive Hybrid Pluralism

The next advance deepened pluralism by coupling it with abductive reasoning rather
than deduction or induction. Wendell Wallach and Colin Allen analyzed how to embed
and implement moral reasoning capacities in a machine-readable format, following the
work of Anderson and Anderson. Wallach and Allen side with pluralism, contrasting top-
down pluralistic approaches (with explicit rules or principles) with bottom-up pluralistic
approaches (norms that emerge from outputs), and instead argue for an abductive hybrid
approach integrating both strategies [93]. Pure rules are brittle and may be disconnected
from use-cases; pure results-based learning is difficult to anticipate and misalignment-
prone. A hybrid approach equips agents with guiding principles while allowing adaptation
from feedback, each mechanism checking and informing the other. Since the mid-2000s,
pluralism coupled with abductive methodology has moved to the fore in AI ethics. This
new family of views joins rule-based guardrails with outcome-sensitive reasoning [93].

3.1.9. Dubljević and Racine—Agent Deed Consequence

In 2014, Veljko Dubljević and Eric Racine introduced the Agent–Deed–Consequence
(ADC) model, a novel framework integrating insights from virtue ethics, deontology, and
consequentialism [94,100–105]. This is a form of meta-pluralism, expanding the bounds
of moral consideration beyond the deontology of Ross, or Beauchamp and Childress.
Rather than limiting moral evaluation to one perspective (e.g., deontological rules or
consequences), the ADC model posits that human moral judgments naturally involve
three intuitive components: our perception of the agent’s character or intent (Agent), the
inherent rightness or wrongness of the action itself (Deed), and the outcomes produced
(Consequence) [94]. In any moral inquiry, we simultaneously ask (and ought to ask): was
the agent well-intentioned; were fitting agential characteristics displayed? Was the act itself
permissible qua the rules on the table? And did it lead to good or bad results? For example,
if an AI performs an action that breaks a rule (a negative deed), we might forgive it if the
AI’s goal was compassionate (a praiseworthy agent) and the outcome turned out to be
beneficial (a desirable consequence). This hybrid pluralism mirrors how people reconcile
conflicting considerations.

The ADC framework has been proposed as a guide for AI ethics because it provides
a flexible, human-like approach to moral reasoning that is faithful to moral phenomenol-
ogy. Recently, theorists have explored how to implement the ADC model in AI decision
systems [94,100–105], reflecting a broader turn toward capturing the complexity of moral
judgment in AI design, assessment, and governance. ADC is a meta-pluralistic framework
because it evaluates three independent yet interacting moral dimensions at once. This struc-
ture preserves value-pluralism, surfaces distinct failure modes on each ethical axis, and
supports principled trade-offs rather than collapsing everything into a single metric (e.g.,
duty-weight, as under pluralistic deontology). The ADC model, at present, is at the fore-
front of the field’s progression toward normative pluralism. Challenges include cross-axis
weighting, operationalizing virtues, measuring long-term effects under uncertainty, and
systematizing the principles; nevertheless, recent scholarship is rendering these problems
tractable (for instance, systematizing ADC procedures by considering agential characteris-
tics in the context of AI scope and governance, deed-constraints in the context of AI design
controls, and consequences in the evaluation of relevant AI system objectives) [94,100–105].
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3.1.10. Telkamp and Anderson—Moral Foundation Theory

In 2022, Jake Telkamp and Marc Anderson argued that moral foundation theory
(MFT) from social psychology should guide AI ethics. It holds that the ethical assessment
of AI systems will be irreducibly multi-valued because people weigh six distinct moral
foundations: care, fairness, loyalty, authority, purity, and liberty [95]. It may be framed as
an objective list theory, though Telkamp and Anderson take this to be descriptive pluralism,
rather than prescriptive. Under this theory, all conflicts of principles or duties can be
mapped to foundation conflicts (e.g., of fairness vs. liberty). Though seemingly akin to
pluralistic deontology, MFT commits neither to deontology nor consequentialism [95].
It is characterized as descriptive intuitionism. Using MFT can better bring into focus
ethically fraught tradeoffs involving AI. For instance, AI-based surveillance may promote
authority at the cost of liberty. All six moral foundations produce morally salient, but often
divergent, responses [95].

By way of illustration, in ethically designing an autonomous vehicle crash policy,
care would prioritize minimizing expected injuries; loyalty, protecting occupants; au-
thority, obeying traffic laws and signals; fairness, avoiding discriminatory treatment
(e.g., no age- or status-based weighting); purity, avoiding clearly reckless maneuvers;
and liberty, respecting others’ autonomy. For Telkamp and Anderson, disagreements are
predictable, not aberrant, and occur across varied domains: the organizational use of
an AI system, the data input into an AI system, and the outcomes produced by an AI
system. Each dimension is likely to engage different moral foundations and generate
different trade-offs [95].

3.1.11. Gros, Kester, Martens, and Werkhoven—Augmented Utilitarianism

In 2024, Chloe Gros, Leon Kester, Marieke Martens, and Peter Werkhoven argued that
augmented utilitarianism should underlie AI ethics. Augmented utilitarianism (AU), like
ADC and MFT, is pluralistic [96]. The theory was originally posited to counter reward
hacking or ‘perverse’ goal fulfillment. AU proposes a utilitarian foundation (namely of
harm minimization, rather than benefit maximization) that builds an ethical goal function
to govern AI by integrating insights from consequentialism, deontology, virtue ethics and
other theories [96]. These insights allow the utilitarian framework to capture dyadic harm:
harm as an emergent property arising from situated relations between an agent, an act, and
a victim [96]. AU, though harm-centric, accommodates a sufficiently broad category of
harm to count as pluralistic, including breaches of duty, viciousness, unjust infringements
of contractualist principles, human rights violations, and other considerations not neatly
captured by monistic consequentialism.

For instance, in ethically considering an AI-based hiring platform under AU, parties
should aim to design a harm-minimizing goal function that the model must optimize. They
would first have to identify the core consequentialist harms, such as wrongful rejections
and wrongful acceptances. Then, harm-based constraints from other theories would be
accounted for: non-discrimination across protected groups (fairness), respect for applicant
privacy/consent (Kantian deontology), and the requirement to provide justificatory reasons
on request (transparency). The AI hiring platform’s goal function should operate on this
basis, and the AI system should be morally assessed along these lines, under the auspices
of AU [96].

3.1.12. Pluralism in View

Pluralistic deontology shows that multiple duties can be encoded and balanced in AI
systems, and ought to be used to govern them. Hybrid, abductive approaches join top-down
principles with bottom-up learning, so rules and results constrain each other. The ADC
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model widens evaluation to agential, deed-constraint, and consequentialist considerations,
preserving value pluralism and exposing distinct failure modes. MFT supplies a descriptive
map of why stakeholders disagree and how to design procedurally legitimate processes.
AU offers a harm-minimizing goal function that incorporates constraints and virtues from
other theories to avoid perverse optimization. While hybrid abductive pluralism has gained
notable momentum over the last decade, no framework is cost-free; Section 3.2 compares
the principal benefits and liabilities of each.

3.1.13. Pluralism in Practice

Recent policy developments reinforced the turn toward pluralism. From the mid-2010s,
research and policy communities issued high-level guidance consonant with pluralistic
ethics. The Beneficial AI conference at Asilomar (2017) produced 23 principles spanning
research priorities, professional ethics, and long-term risk [106]; though intentionally broad,
these tenets (including safety, transparency, value-alignment, and social benefit) garnered
wide endorsement and shaped later initiatives [107]. In parallel, IEEE’s Ethically Aligned
Design (EAD) effort released an initial framework in 2016 and a comprehensive first edition
in 2019 for autonomous and intelligent systems, emphasizing human rights, well-being,
responsibility, transparency, and accountability [108,109]. Together, Asilomar and IEEE
EAD exemplify hybrid pluralism: multiple salient values aggregated, with none elevated
as supreme. Aligning with this, in 2021, UNESCO translated a pluralist consensus into
a globally endorsed policy package adopted by 193 member states, coupling human-
rights commitments with standards for data governance, AI education, and appraising
the environmental impact of AI systems [110]. The breadth of the Asilomar, IEEE, and
UNESCO encoded values most closely mirror the ADC, MFT and AU frameworks, which
are among widest forms of pluralism.

3.2. Assessing Frameworks

AI ethics frameworks offer distinct features, insights, and trade-offs. A useful high-
level distinction is between monist theories, which elevate a single foundational value
or rule, and pluralist theories, which recognize several co-equal moral principles; in this
domain, utilitarianism (consequentialism) and Kantianism (deontology) exemplify monism,
whereas deontological and consequentialist pluralism and hybrid models are pluralist.
Having descriptively traced the field’s shift toward pluralism, we now offer a prescriptive
case for why this shift constitutes progress for AI ethics as a field.

3.2.1. Consequentialism

Consequentialist theories assess actions by their outcomes. Classical utilitarian-
ism, developed by Jeremy Bentham, John Stuart Mill, and Henry Sidgwick, holds
that the right action maximizes overall well-being, happiness, or desirable states of
consciousness [111–113]. In AI, a utilitarian approach would appraise and design sys-
tems based on the extent to which they optimize aggregate results (e.g., saving the most
lives, maximizing efficiency, increasing profit, and so on), a posture that aligns naturally
with metric-driven engineering and cost–benefit analysis. Historically, early AI applica-
tions often embodied straightforward utilitarian aims: mid-20th-century game-playing
programs were built simply to win (e.g., Dietrich Prinz’s University of Manchester chess
projects) [114]; early AI-assisted trading optimized returns under profit-and-loss criteria;
AI systems power at minimum 60% of all stock trading volume in the United States [115].

Though fruitful and simple, utilitarianism faces familiar objections. It can license
rights violations or unfair treatment if these raise net utility; an outcome-maximizing
system may, for example, deceive or manipulate users to improve metrics, or may engage
in reward function gaming [116]. Moreover, calculating the “greatest good” is epistemically
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fragile in practice, as it requires prediction of complex downstream effects (which may be
very difficult to foresee, particularly in AI use cases). Finally, utilitarianism may require
contentious interpersonal comparison and aggregation, raising concerns about the sepa-
rateness of persons [116]. Accordingly, while utilitarian principles can productively guide
certain moral calculations, they should be bound by complementary ethical constraints to
avoid serious moral failures.

3.2.2. Monistic Deontology

Across the aisle from utilitarianism, deontological ethics focuses on duties or rules
rather than consequences, on input rather than output. Monistic deontology posits a
single overriding duty. Kantian deontology is particularly well known; such an approach
to AI ethics would insist that certain moral rules (such as respecting human autonomy
and dignity by treating agents as ends in themselves) must never be violated, no matter
the potential benefit [117]. In practice, this might mean building hard constraints into
AI systems. For example, under these auspices, an AI should never deceive or coerce a
human because that would treat the person as a mere means to an end (robbing them of a
chance to exercise their will, and to “contain in themselves the end of an action,” violating
their autonomy) [117]. The strength of a deontological monist approach is that it provides
firm ethical guardrails. It protects fundamental rights and values from being overridden
by calculations of utility [118]. Many proposals in AI ethics echo Kantian themes: for
example, requirements that systems secure informed consent for certain actions; principles
mandating intelligibility and meaningful human control; and prohibitions on deceptive or
coercive design [118,119].

The limitation, however, is that strict rules can lead to moral rigidity. Cases often
involve conflicting duties, and a hardline rule-based system struggles when two imperatives
collide. Suppose that an AI assistant designed via monistic deontology has a hard rule:
never lie to the user. What if the user asks a question whose truthful answer is likely to
trigger harm? Consider Jonathan Rinderknecht, the suspect accused of starting the deadly
Palisades Fire in Los Angeles, who asked ChatGPT, “Are you at fault if a fire is lit because of
your cigarettes?” [120]. Should the AI system reveal potential liability gaps that may enable
one to start such a fire? Deontology has a hard time admitting to exceptions. Moreover,
there is indeterminacy as to which rule should be paramount: not everyone agrees on a
single supreme moral principle, which makes monistic approaches highly contentious. Is
the top priority to respect autonomy, to ensure equity, to minimize harm, or something
else? All the same, deontological thinking incisively indicates that there must be red lines
in AI design, deployment, and behavior that ought not to be crossed. While not conclusive
or all-encompassing, it remains highly relevant to the field.

3.2.3. Contractualism

Contractualist approaches evaluate the morality of rules, practices, and institutions
by asking whether they can be justified to the agents affected by them. On T.M. Scanlon’s
view, a principle is permissible only if no one could reasonably reject it [121]. In a Rawlsian
variant, principles for social systems are those that free and equal persons would choose
behind a veil of ignorance (in the Rawlsian picture, securing (i) equal basic liberties and
(ii) fair equality of opportunity with inequalities arranged to benefit the least advan-
taged) [122]. Applied to AI ethics, contractualism centers moral evaluation on legitimacy
and fairness. Pure contractualist frameworks are rare, though elements of it are integrated
into pluralistic theories. Contractualist approaches would, for instance, require that AI
model objectives, data practices, and deployment contexts be publicly justifiable to those
subject to or implicated in the system, ideally reflecting forms of consent. Contractualism
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motivates reason-giving and contestability, and opportunity-protecting constraints [123].
Strengths include a principled basis for rights-respecting governance, stakeholder partici-
pation, and transparent procedures that enhance institutional trust. Many contractualist
frameworks are tethered to Kantian autonomy [124].

Challenges arise in operationalization. Determining what counts as a “reasonable
rejection,” how to measure opportunity losses across heterogeneous groups, and how to
translate contractualist priorities into algorithmic objectives and metrics is highly demand-
ing. Moreover, the approach can be vulnerable to representational gaps and procedural
burdens that slow deployment and shift burdens to users (such as consent structures with
opaque or manipulative choice architecture). Stakeholders (e.g., institutions, firms, and
users) may wield vastly different power, and contractually acceptable trade-offs may be
underdetermined when stakeholders’ claims conflict (as they often do). Contractualism in
AI ethics faces persistent operational hurdles; as reflected in recent reviews, pure contractu-
alism sees less uptake than deontic, consequentialist, or hybrid frameworks [125,126].

3.2.4. Deontological Pluralism

Deontological pluralism contrasts with monism by positing multiple, characteristically
competing, duties. Following W. D. Ross, pluralists hold that we are bound by several
fundamental duties, such as honesty, non-maleficence, beneficence, justice, and the like,
each with prima facie force that can be overridden when duties conflict, with resolution
governed by contextual facts “arising from the nature of a situation” [90]. This orientation
has shaped bioethics and is increasingly applied in AI ethics [84,85]. A great deal of
policy reflects a foundation of deontological pluralism: the EU’s 2019 Ethics Guidelines for
Trustworthy AI enumerate seven non-absolute requirements (e.g., accountability, privacy,
diversity) that developers are obliged to satisfy [127]. Deontological pluralism’s chief
strength is flexibility: it mirrors real moral reasoning by assessing systems across multiple
duties, intentions, or reasons that ought to guide action, such as safety, fairness, privacy,
transparency, and justice, rather than privileging a single master value.

However, deontological pluralism is comparatively insensitive to consequences and
to the cultivation of virtuous agency; it offers little guidance on character appraisal or on
how to weigh net welfare when duties conflict. It also faces a weighting problem: the
view supplies no principled, general method for ranking duties in hard cases, inviting
discretionary, and potentially inconsistent, judgment [89]. Operationally, specification and
measurement are challenging: translating duties (e.g., fairness, autonomy, transparency)
into AI system-level objectives can become quite difficult [89].

3.2.5. The ADC Model

The Agent–Deed–Consequence (ADC) model is a holistic ethical framework that
simultaneously evaluates an agent’s character, an action’s conformity to rules, and the
action’s outcomes [94,100–105]. Developed by Veljko Dubljević and Eric Racine, the ADC
model reflects how people intuitively judge situations by “breaking them down into
positive or negative evaluations of the agent, deed, and consequence” [94]. In prac-
tice, the Agent component corresponds to virtue-ethical concerns (the actor’s motives
and character), the Deed component to deontological concerns (whether the act follows
prescribed rules), and the Consequence component to consequentialist concerns (the
good or harm produced) [94,100–105]. By merging these three perspectives, ADC yields a
meta-pluralist approach.

Aligned with empirical findings in moral psychology and a long tradition of moral in-
tuitionism [102,128–131], ADC operationalizes how people actually form moral judgments.
Moral phenomenology reveals that individuals draw on heuristic cues about character,
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rule-compliance, and outcomes, then integrate them [102–105]; for example, a negative
deed may be assessed less harshly when paired with good intentions and positive results,
patterns not captured by deontology alone.

Since it captures all three major ethical viewpoints, ADC is promising for AI ethics.
It can be formally implemented with symbolic or numeric weights for each compo-
nent [103–105]. In autonomous-vehicle contexts, agential characteristics can be modeled
as driving “style” or intentional disposition, deed constraints as adherence to traffic rules,
and consequences as risk distribution or expected harm [100,103]. In AI-enabled smart-city
governance, each ADC input can be scored and aggregated into a computable moral value,
enabling systematized comparisons [104]. Under an ADC model, designers would expect
an AI system to check actions against a rule library (Deed), to forecast probable outcomes
(Consequence), and to represent the relevant agential characteristics (Agent) to generate a
moral judgment.

The ADC model of moral appraisal has empirical support. In driving vignette ex-
periments, all three ADC factors significantly influenced participants’ moral evaluations,
with actions judged most acceptable when agent, deed, and consequence aligned posi-
tively [100,101]. In organizational settings, Noble and Dubljević argue that ADC’s inte-
gration of virtue, duty, and outcomes mitigates weaknesses of single-theory models [94].
Consequently, by modeling all three dimensions, ADC can capture the flexibility and
nuance of human ethical reasoning in AI systems, offering “extraordinary potential for
developing the capacity for ethical judgment in artificially intelligent systems” and a rigor-
ous basis for ethically assessing such systems [100]. The ADC framework can inform AI
alignment, strengthen AI governance, and structure AI appraisal [100].

Design implications follow from the framework. An ADC-inspired AI could maintain
dedicated checks for each perspective: for instance, a module constraining “intentions”
via design goals and governance parameters (Agent), a rule or rights engine enforcing
constraints (Deed), and a simulation or forecasting component for risk, benefit, and distribu-
tional impacts (Consequence). Overall, the ADC framework provides a rich, multi-faceted
toolkit for AI ethics [90–96].

Granted, ADC inherits issues from its constituent theories, but because it does not
rely on any single framework, it is more robust than monistic or simple pluralistic ap-
proaches [94]. The ADC variable set resists single-metric reduction, surfaces trade-offs that
other frameworks may mask, and makes reasons for decisions explicit. While it is ethically
and operationally demanding (requiring reasoning across three dimensions), this burden
tracks moral phenomenology and covers the broad topography of ethical concern.

3.2.6. Moral Foundation Theory

Moral foundation theory (MFT), another recently developed pluralistic theory, posits
that ordinary moral judgment draws on several intuitive “foundations”. For AI ethics, this
descriptive map is practically useful: it surfaces value dimensions that standard welfare- or
rights-centric analyses can miss (e.g., perhaps disgust or impurity concerns in biomedical
AI, loyalty or authority dynamics in public-sector deployments) [95]. It also helps anticipate
stakeholder reactions across communities with different moral profiles, thus supporting
cross-cultural uptake. The benefits, on the whole, are that it offers a psychologically
grounded diagnostic overlay for AI design, deployment, and governance [95].

However, MFT’s strengths are largely descriptive. It does not by itself say which
foundations ought to prevail in conflict, how to weigh them, or when a foundation-based
objection (e.g., authority) should be overridden by rights or welfare [95]. The same charge,
of course, could be levied against other forms of pluralism. However, by bringing in
considerations of (for instance) purity, MFT is open to a greater amount of cultural rela-
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tivism (which may be a feature or a bug). Moreover, moral foundation operationalization
is uneven (e.g., how should ‘authority’ be categorized in the context of external sources of
authority vs. authority understood as autonomous self-mastery?). Finally, appealing to
population-level moral intuitions risks entrenching status quo or majoritarian biases.

3.2.7. Augmented Utilitarianism

Augmented utilitarianism (AU) retains a welfare-maximizing (or harm-reducing) core
while treating harm as relational: a function of agent, act-type, victim, context, and conse-
quence [96]. Moreover, it embeds terms for justice, rights, and virtue into the consequence-
sensitive goal function. As a form of consequentialism, it promises operationalizability, but
compared to standard forms of consequentialism, the consequential metric is pluralistic
and context sensitive.

For instance, we may use AU to design or govern an AI system by specifying
an ethical goal function with rights constraints and participatorily weighted attributes
(e.g., risk, vulnerability, justice) arising from a variety of dyadic relationships. Again,
dyadic relationships refer to relations of affected parties in a given context (e.g., vehicle–
occupant, driver–pedestrian, manufacturer–user, regulator–citizen, and so on). Under
AU, consequentialist outputs, derived in the context of these relationships, may be turned
into thresholds, policies, and decision rules [96]. For each dyad, AU rules would encode
reciprocal consequence-sensitive rules, rather than operating on aggregate utility alone.

However, AU also carries costs. Measurement, a well-worn weak point of consequen-
tialist systems, remains fragile: finding proxy data for “virtue,” “justice,” or relational harm
is difficult, rendering these harms commensurable may be impossible, dyadic harm weight
analysis may be localized to the extent to which it becomes myopic, and continuous re-
weighting to track shifting dyadic relations may induce confusion or paralysis. Moreover,
as a form of consequentialism, if AU encodes rights as consequentialist penalties (to be
counterweighed) rather than hard constraints, large aggregate gains may overwhelm or
dissolve these rights, as, under consequentialism, everything has a cost.

3.3. The Primacy of Pluralism

AI ethics has witnessed a substantial arc toward pluralism, culminating in broad
forms of pluralism such as pluralistic deontology, the ADC approach, moral foundation
theory, or augmented utilitarianism. Taken together, the pluralist approaches surveyed
are (perhaps) imperfect yet jointly valuable for AI ethics. What unifies them is that they
(i) acknowledge the field’s multidimensional value landscape by bringing welfare, rights,
fairness, character, and context into view and making conflicts explicit; (ii) resist single-
metric reduction by structuring trade-offs through constraints, multi-objective evaluation,
and reason-giving that can be explained and audited; and (iii) support practice by offering
operational principles for AI design, assessment, and governance (e.g., guardrails, scenario
testing, impact assessment, and revision). While each faces familiar challenges, such as
weighting variables, commensurable measurement, and procedural overhead, the shared
commitment to value pluralism and accountable decision processes marks clear progress
over monistic frameworks for contemporary AI.

This arc towards pluralism is fitting for numerous reasons. First, the AI ethics problem
space is inherently multidimensional: a single application (e.g., autonomous driving, triage,
hiring) simultaneously implicates welfare and risk (consequentialist aims), dignity and
respect for persons (Kantian constraints), rights and due process (contractualist demands),
and role-appropriate agency (virtue ethics), among other variables. No single master
principle lexically dominates across these dimensions, and the values at stake are often
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non-commensurable. Hence, sound AI design, appraisal, and governance norms require
structured balancing rather than reduction to a single metric.

Second, pluralism increases robustness. Monistic consequentialist objectives are vul-
nerable to reward hacking: optimizing a single metric can exploit loopholes while degrad-
ing other salient values [132]. Purely deontological frameworks exhibit a complementary
failure: rules can be misinterpreted or lexically enforced without regard to stakes, produc-
ing context-insensitive “catastrophe” risks. Virtue-first approaches, meanwhile, are difficult
to operationalize because elements of character can be opaque, culturally variable, and
difficult to audit. However, by combining heterogeneous evaluative families (outcomes,
constraints, and character), pluralism provides defense-in-depth: independent instances of
moral assessment that detect different failure modes, distribute error, and adhere to the
intuitive complexity of moral decision making.

For instance, when a system drifts toward gaming an objective (e.g., Bostrom’s well-
known ‘paperclip problem’, where an AI’s specified goal plus unbounded optimization
results in resource capture such that the whole world is consumed to make paperclips) [24],
rights- and process-based constraints arrest it. When rules ossify or entrench at the risk
of disaster, welfare and risk considerations guide justified thresholds and exceptions.
When rule constraints are satisfied and objectives secured, virtue-like norms (care, hon-
esty, humility) calibrate the right mode of governance and moral assessment. Stacked
safeguards catch what any one layer misses. This is a feature of all of the pluralistic frame-
works on offer: pluralistic deontology, the ADC framework, moral foundation theory, and
augmented utilitarianism.

Third, pluralism further enhances legitimacy across diverse socio-technical contexts:
different communities reasonably weigh liberty, equality, solidarity, and welfare differently,
and a multi-principle framework supports public and culturally calibrated justification and
cross-jurisdictional governance without collapsing into relativism. By rendering trade-offs
explicit and subject to principled deliberation, pluralism enables overlapping-consensus
policies that are cross-cultural, cross-contextual, and revisable as evidence and ideological
priorities evolve.

Finally, pluralism aligns with practice. AI engineering and policy paradigms
(e.g., IEEE, UNESCO) are already multi-objective (balancing safety, accuracy, privacy, fair-
ness, accountability, and sustainability), so guidance that acknowledges several normative
sources maps naturally onto extant processes for AI design, evaluation, and oversight. Plu-
ralism dovetails with governance tooling by making value trade-offs and the justification
for thresholds clear and contestable.

Taken together, these considerations motivate pluralism as the default stance for
AI ethics. Pluralism is not a panacea: it introduces complexity and demands explicit
procedures for weighting and tie-breaking. However, its flexibility, fidelity to moral phe-
nomenology, and operational fit make it compelling. The benefits and costs of competing
theories and the field’s progression toward pluralism are summarized in Table 3.

Table 3. A Comparative Analysis of Theories of AI Ethics.

Theory Features Pros Cons

Monistic
Consequentialism

Maximize aggregate
well-being

Calculable, practicable,
outcome-focused

Can overlook rights, justice,
separateness of persons.

Monistic Deontology
Adhere to moral rules; respect

autonomy and dignity
regardless of outcomes.

Protects rights; clear
constraints; prevents misuse.

Can be rigid; may ignore
beneficial outcomes.
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Table 3. Cont.

Theory Features Pros Cons

Contractualism

AI should respect
agreed-upon standards of

fairness, rights, and benefit
the least advantaged.

Based on consent. Promotes
fairness; protects liberties; inclusive.

Complex to operationalize in
technical systems.

Pluralistic Deontology
Balance multiple prima facie
duties (justice, beneficence,

fidelity, etc.).

Flexible; realistic; respects
competing values.

Indeterminate in hard cases;
requires judgment or

‘self-exertion’.

Agent-Deed-Consequence
Evaluate AI systems and

decisions via intent, the deed,
and consequences.

Integrates multiple theories;
mirrors human moral reasoning.

Complex to operationalize in
technical systems.

Moral Foundation Theory
Evaluate AI systems and

decisions via six irreducible
moral foundations.

Cross-cultural, flexible,
descriptively mirrors human

moral discourse.

Descriptive, not prescriptive.
Certain variables (e.g.,

purity) are opaque.

Augmented Utilitarianism
Evaluate AI systems and
decisions via broadened

consequentialism.

Captures many various harms,
seeks to unify into
one goal function.

Rendering different harms
commensurable as a single

metric is difficult.

4. Conclusions and Prospects
The enduring importance of AI Ethics is now in view. AI is no longer a speculative

technology; it is an integral part of the human experience, spanning domains such as edu-
cation, healthcare, finance, warfare, and law. Throughout this entry, we have surveyed core
ethical issues and highlighted how various moral frameworks can inform the development,
design, deployment, and governance of AI systems.

This entry has (i) defined AI ethics and situated it within AI’s technical evolution,
(ii) organized the field’s rationale around recurrent challenges (alignment, opacity,
meaningful human oversight, fairness/bias/noise, accountability, and questions of
agency/patiency) and (iii) compared leading normative frameworks, while tracing the
historical shift from ethical monism to pluralism. The arc toward pluralism is clear: early
monisms yielded to deontological pluralism, then to hybrid forms of early “machine ethics,”
and today to explicitly meta-pluralist models such as ADC, MFT and AU alongside plural-
ist governance regimes (Asilomar AI Principles, IEEE, UNESCO). Pluralism is normatively
and operationally attractive because it mirrors the multidimensional problem space of
AI ethics, offers defense against distinct failure modes, secures legitimacy across diverse
contexts, and aligns with multi-objective AI engineering and governance practice.

All forms of pluralism have promise and peril. Our remaining task is to identify
the best pluralistic variant for a given domain and institutional setting (e.g., pluralistic
deontology, ADC, moral foundation theory, augmented utilitarianism). That choice should
turn on (i) normative adequacy—how well the framework protects rights, manages trade-
offs, and resists single-metric reduction in a given context; (ii) operational tractability—
clarity of resultant ethical constraints, explainability, and ease of integration with extent AI
engineering practices; (iii) empirical performance—evidence that it reduces harm, improves
distributional outcomes, and is robust to reward hacking or gaming; (iv) governance fit—
auditability, enforceability, and well-specified exception procedures; and (v) scalability and
alignment-costs, institutional capacity, and compatibility with regulatory standards.

The “best” pluralism will be the one that is fit for purpose in context. To identify it,
the field needs a cumulative evidence base, such as prospective field trials to track harms
and disparities, validation studies for proxy measurements to ensure that what is scored
corresponds to what matters, implementation attempts in embodied AI agents (e.g., social
robots, autonomous vehicles, and chatbots) and cross-cultural value-elicitation to calibrate
pluralistic weights. With such data, our promising pluralistic frameworks can be compared
on common ground, and can be adopted responsibly rather than on faith.
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As AI ethicists, we should operationalize pluralism by specifying weights, thresholds,
and non-negotiable constraints, and by documenting their provenance within any given
framework. We should work to establish a clear route from values to policy by translating
normative reasons into enforceable requirements, controls, and metrics, and we should
stress-test our frameworks in real-world deployments. We should also clarify when, where,
and with what authority ethicists and governance bodies may intervene on the basis of
judgments rendered under these frameworks. Finally, we should secure institutional
traction by embedding these ethical frameworks in procurement rules, certification regimes,
enterprise standards, and international laws that match AI’s cross-border reach. The need
for AI ethics has never been greater. With pluralism increasingly sharpened by scholarship
and corroborated by real-world applications, we are finally positioned to bring ethical AI
design, assessment, and governance into practical reach.
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103. Pflanzer, M.; Cecchini, D.; Cacace, S.; Dubljević, V. Morality on the road: The ADC model in low-stakes traffic vignettes. Front.

Psychol. 2025, 16, 1508763. [CrossRef] [PubMed]
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