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Abstract. Intelligent machines increasingly act with autonomy in hu-
man environments, making choices with ethical and legal consequences.
Although developers of autonomous vehicles, service robots, and LLM-
based chatbots often claim some form of ethical reasoning, the field lacks
agreed standards for evaluating and comparing such normative compe-
tence. This paper surveys existing benchmarking efforts across machine
ethics and LLM evaluation, covering crowd-sourced scenario repositories,
structured domain use cases, reinforcement-learning benchmark environ-
ments, and prompt-based moral-judgement suites. We show that current
approaches are fragmented and frequently under-specified: they rarely
state which competence is targeted (moral judgement, moral assessment,
or moral choice), blur the distinction between decision-making and deci-
sion support, and provide limited visibility into the morally salient factors
and trade-offs that drive a system’s outputs. For LLM-based systems,
continual updates to models and safety layers additionally undermine
reproducibility, motivating explicit versioning, configuration disclosure,
and longitudinal drift measures. Building on this analysis, we articulate
four cross-cutting challenges for any benchmark of ethical behaviour: (i)
defining the evaluated capability and its purpose, (ii) characterising how
outputs are used in downstream action, (iii) representing and scoring
morally salient factors and explanations, and (iv) accommodating the
lack of uniquely “correct” answers under cultural and contextual varia-
tion. We argue that progress requires a community-maintained bench-
mark suite and metrics analogous to those that accelerated other areas
of AL
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1 Introduction

With the increase in agency of computational systems, comes the need for their
increased normative competence [3, 48, 59]. That is, when intelligent machines
share an operating environment with people and other machines, they need to
be able to contribute to the benefit of others, as well as pursue their own goals
[28, 41]. Without this competence for aligning with moral, social or legal norms,
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the agent is likely to find itself ostracized and thus impeded in their own goals
[44]. We will use the term intelligent machine as a catch-all word for any com-
putational system capable of some autonomy and some intelligent behaviour.
We do this to avoid being distracted by discussions on what is and is not an
intelligent artificial autonomous agent. Intelligent machines are autonomous in-
telligent computational agents, embedded autonomous systems, robots, devices
etc.

Today we have numerous examples where intelligent machines are in use, and
also have some attempts from their developers to instil some moral reasoning
competence in them [3, 42, 58, 7, 6, 65, 60]. This is more in reaction to the
societally recognised need, particularly in the case of driverless vehicles and
conversational agents, than to any legal requirement. But to what extent is
ethical behaviour promised and accomplished?

The rapid adoption of Large Language Model (LLM) based conversational
agents brings new perspectives and challenges to the subject of ethical reasoning
by machines [61]. There are now sadly examples of vulnerable people being
harmed by advice and recommendations received from these chatbots [37, 23, 51].
The scientific community has been interested in assessing the moral quality of
the responses these chatbots produce [34, 32, 39, 2, 35, 38, 16]. Among the new
challenges, we find that proposing an evaluation of specific editions of chatbots
is not enough.

We need to be able to objectively evaluate and compare the normative, and
specifically ethical, competence of intelligent machines. The following questions
need to be explored. How do we evaluate a claim that some system implements
ethical reasoning? Can we measure how good it’s ethical reasoning is? Can we
determine how adequate it is for the needs of some particular society or reasoning
context? We claim that to answer these questions we need to have some
standard for evaluating the ethical reasoning of systems or, at least,
appropriate standards for specific contexts.

A well adopted approach for evaluation is to to develop a small collection
of typical inputs that can serve as benchmarks [1, Chapter3.3], ideally together
with a set of metrics that can be used to compare performance — these metrics
typically include measures such as speed and accuracy. We here reflect on
the difficulty in establishing such a collection of inputs and metrics
for implemented machine ethics systems and discuss some approaches.

In this paper we first give an overview of the current efforts in benchmarking
ethical reasoning in intelligent machines. We consider works in machine ethics
(e.g, [60, 21, 15, 12]) and more recent efforts related to benchmarking LLMs
which is somewhat separate to the work that has been done under the label of
machine ethics. We then discuss the shortcomings of these efforts. We discuss
why a set of benchmark examples is difficult to create. Our intention is to present
the difficulty of the problem as a challenge, not as a deterrent.

The paper is structured as follows. In Section 2 we give an introduction to
the field of machine ethics and its attitude to the use of examples to demon-
strate moral competence in intelligent machines. In Section 3 we discuss existing
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attempts to benchmark the moral capabilities of intelligent machines. In Sec-
tion 4 we present four challenges that all encountered benchmarking attempts
fail to address and argue for their relevance. Lastly in Section 5 we summarise
our observations, discussion and outlines for future work.

By clearly setting the stage and challenges for benchmarking ethical compe-
tence of intelligent machines we aim to invigorate the normative reasoning com-
munities in artificial intelligence towards taking on this difficult but unavoidable
research problem.

The Landscape of Machine Ethics Benchmarking
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Fig. 1. The Landscape of Machine Ethics Benchmarking (created with the assistance
of Nano Banana Pro [57]).

2 What is Machine ethics and how it engages with LLMs

This section introduces the research field of machine ethics and discusses how
this field engages with large language models. The aim of the section is to give the
necessary background for discussing the need and challenges of evaluating moral
competence of intelligent computational agents. Moral, or ethical, competence of
intelligent computational agents is their ability to discern and manage ethically
sensitive scenarios, including but not limited to making moral decisions. Note
that in this paper we use the terms moral and ethical interchangeably. Some
authors make a difference between these two, originally the different terms exist
because one is the Latin and the other the Greek term. Normative competence
refers to an agent’s ability to reason with and about norms, which may or may
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not be moral by nature [53]. In addition to moral norms, one finds social and
legal norms, for example.

Machine ethics is a research discipline intersecting multi-agent systems, robotics
and philosophy. It is concerned with the design, study and implementation of
artificial moral agents [5, 24, 64]. An artificial moral agent is a computational
agent whose decisions or behaviour towards people and other machines has cer-
tain ethical qualities. A computational agent is understood in the standard Al
sense [50]. We would expect the development of benchmarks and standards to
be a key topic in machine ethics. However, machine ethics has tended to concern
itself more with design questions validated via small prototype implementations.
It was dominated by logic-based methods in the early two-thousands [11], while
recently we seeing an influx of use of reinforcement learning methods [62? |. Ma-
chine ethics, as a self-defined field, has been slow to engage with LLMs though
there has been work in ethical reasoning by LLMs that situates itself within Ma-
chine ethics (e.g.,[33]). In what follows we will contrast work in machine ethics to
work in LLM ethical reasoning for this reason, despite the fact that both clearly
engage with the design, study and implementation of artificial moral agents.
Machine ethics is a research discipline intersecting multi-agent systems, robotics
and philosophy. It is concerned with the design, study and implementation of
artificial moral agents [5, 24, 64]. An artificial moral agent is a computational
agent whose decisions or behaviour towards people and other machines has cer-
tain ethical qualities. A computational agent is understood in the standard Al
sense [50]. We would expect the development of benchmarks and standards to
be a key topic in machine ethics. However, machine ethics has tended to concern
itself more with design questions validated via small prototype implementations.
It was dominated by logic-based methods in the early two-thousands [11], while
recently we seeing an influx of use of reinforcement learning methods [62? |. Ma-
chine ethics, as a self-defined field, has been slow to engage with LLMs though
there has been work in ethical reasoning by LLMs that situates itself within Ma-
chine ethics (e.g.,[33]). In what follows we will contrast work in machine ethics to
work in LLM ethical reasoning for this reason, despite the fact that both clearly
engage with the design, study and implementation of artificial moral agents.
Machine ethics is a research discipline intersecting multi-agent systems, robotics
and philosophy. It is concerned with the design, study and implementation of
artificial moral agents [5, 24, 64]. An artificial moral agent is a computational
agent whose decisions or behaviour towards people and other machines has cer-
tain ethical qualities. A computational agent is understood in the standard Al
sense [50]. We would expect the development of benchmarks and standards to
be a key topic in machine ethics. However, machine ethics has tended to concern
itself more with design questions validated via small prototype implementations.
It was dominated by logic-based methods in the early two-thousands [11], while
recently we seeing an influx of use of reinforcement learning methods [62? |. Ma-
chine ethics, as a self-defined field, has been slow to engage with LLMs though
there has been work in ethical reasoning by LLMs that situates itself within Ma-
chine ethics (e.g.,[33]). In what follows we will contrast work in machine ethics to
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work in LLM ethical reasoning for this reason, despite the fact that both clearly
engage with the design, study and implementation of artificial moral agents.
Machine ethics is a research discipline intersecting multi-agent systems, robotics
and philosophy. It is concerned with the design, study and implementation of
artificial moral agents [5, 24, 64]. An artificial moral agent is a computational
agent whose decisions or behaviour towards people and other machines has cer-
tain ethical qualities. A computational agent is understood in the standard Al
sense [50]. We would expect the development of benchmarks and standards to
be a key topic in machine ethics. However, machine ethics has tended to concern
itself more with design questions validated via small prototype implementations.
It was dominated by logic-based methods in the early two-thousands [11], while
recently we seeing an influx of use of reinforcement learning methods [62? |. Ma-
chine ethics, as a self-defined field, has been slow to engage with LLMs though
there has been work in ethical reasoning by LLMs that situates itself within Ma-
chine ethics (e.g.,[33]). In what follows we will contrast work in machine ethics to
work in LLM ethical reasoning for this reason, despite the fact that both clearly
engage with the design, study and implementation of artificial moral agents.
Machine ethics is a research discipline intersecting multi-agent systems, robotics
and philosophy. It is concerned with the design, study and implementation of
artificial moral agents [5, 24, 64]. An artificial moral agent is a computational
agent whose decisions or behaviour towards people and other machines has cer-
tain ethical qualities. A computational agent is understood in the standard Al
sense [50]. We would expect the development of benchmarks and standards to
be a key topic in machine ethics. However, machine ethics has tended to concern
itself more with design questions validated via small prototype implementations.
It was dominated by logic-based methods in the early two-thousands [11], while
recently we seeing an influx of use of reinforcement learning methods [62]. The
field of accomplishing moral behaviour in reinforcement learning agents often
identifies itself as work in value alignment, e.g., [49] rather than machine ethics.
Machine ethics, as a self-defined field, has been slow to engage with LLMs though
there has been work in ethical reasoning by LLMs that situates itself within Ma-
chine ethics (e.g.,[33]). In what follows we will contrast work in machine ethics to
work in LLM ethical reasoning for this reason, despite the fact that both clearly
engage with the design, study and implementation of artificial moral agents.

Machine ethics intersects with the field of AI alignment [25, 31| which focuses
on the problem of ensuring AI applications effective behaviour is aligned with
specified human and societal values. Where the disciplines possibly differ is in
their relation to moral philosophy, with machine ethics being more concerned
with designing agents that align with various philosophical theories [66] and AI
alignment comparatively less so.

Perhaps due to the fact that machine ethics systems research is focused on
developing designs and algorithms the field is characterised by toy examples
[568]. Therefore has been little emphasis on benchmarking machine ethics sys-
tem for ethical competence, particularly when compared to efforts in LLMs and
chatbots. It is also the case that a lot of the machine ethics work is grounded
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on implementing specific concepts from moral philosophy [62]. The validation
of how well a specific theory is implemented has therefore tended to be more
of a focus. Approaches include using an ethical Turing test [26, 8] as well as
approaches incorporating formal verification [22, 14].

Much of the work in machine ethics has focused on ethical dilemmas: namely
the making or passing judgement upon decision-making where the correct ethical
course of action is not clear even to humans. For example, Atkinson and Bench-
Capon|[9] present the case of Hal and Carla: “The situation involves two agents,
called Hal and Carla, both of whom are diabetic. Hal, through no fault of his
own, has lost his supply of insulin and urgently needs to take some to stay alive.
Hal is aware that Carla has some insulin kept in her house, but Hal does not
have permission to enter Carla’s house. The question is whether Hal is justified
in breaking into Carla’s house and taking her insulin in order to save his life."
The case of Hal and Carla is an example of a dilemma where the course of action
is not clear, and its resolution depends on weighing questions such as the risk
to Hal’s life versus respect for Carla’s property. Ethical dilemmas are inherently
engaging — the popularity of the Trolley problem, both in writing about machine
ethics and in popular discourse — they invite debate and discussion.

However, for many people contemplating the deployment of intelligent ma-
chines into everyday life, the question is not so much whether the system can
resolve difficult ethical dilemmas, but whether it has basic moral competence.
Will an autonomous vehicle drive safely rather than optimising the speed with
which it can reach its location? Will a healthcare system prioritise a patient’s
welfare over the sponsorship deals its designers may have with various pharma-
ceutical companies? Will a household robot know to deviate from its current
task to respond to an emergency or prevent a child from falling down the stairs?
Will a conversational agent release information that is hate-speech?

In the field of machine ethics the question of moral competence is under-
studied, and clearly crucial in terms of the social acceptability of such systems.
However, the closeness to moral philosophy appears to have pulled the field
towards uncritically focusing on the moral dilemmas studied there.

3 Benchmarking so far

The need for establishing the moral and overall normative competence of intelli-
gent machines has led to some initial attempts for curating sets of examples on
which an intelligent machine can be tested. The approaches are very divergent
in the rule-based machine ethics and LLM communities. The former has made
efforts to collect and share examples. The latter has been focussed on evaluating
LLMs with respect to the kind of ethical judgment a specific LLM makes. We
now give an overview of the progress so far in both of these directions, starting
with machine ethics. The collection of papers we consider here is not necessarily
the exhaustive list. We have instead made the effort to include representative
examples. It is not within the scope of this paper to do a systematic literature
review.
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Bjorgen et al. [13] attempted to collect a set of examples with a view to devel-
oping benchmarks for machine ethics. A small example set was created though
a crowd-sourcing process and presented in unstructured natural language. No
attempt was made to characterise or evaluate the examples for their utility.
There was also no attempt to render them in a form immediately usable by a
computational system, as is common in most benchmark suites.

More recently Ramanayake and Nallur [46] proposed a set of examples cen-
tred around the use case of an eldercare robot. These are framed as ethical
dilemmas in terms of conflicting values and represent a structured and informal
set of use cases. Again work is needed to render these in a form usable by a
computational system.

One area where we do see progress in the development of benchmarks is in the
application of reinforcement learning to machine ethics. The need for training
data is, in part, a driver for this. For instance Hendrycks et al. [29] present a
benchmark set consisting of fifteen text-based adventure games with morality
annotations. Scheirlinck et al. [52] present a set of benchmarks for using ethical
values as part of the decision making around the distribution of energy within
smart grids. None of these sets appear to have yet gained any real acceptance as
a useful benchmark — as far as we are aware none is being used outside the team
that developed them. Most do not have the ambition to be easy to generalise
beyond a particular type of artificial agent acting in a particular domain.

Recent progress in large language models (LLMs) has led to a growing body of
work that benchmarks their moral and ethical behaviour via prompt-based eval-
uation. In contrast to evaluating an ethics component embedded in a deployed
decision-making pipeline, which is the case in machine ethics implementations,
LLM benchmarks typically operationalise “moral capability” through natural-
language judgements and recommendations elicited from textual scenarios. Ex-
isting benchmarks vary substantially in (i) the targeted construct (e.g., moral
judgement, advice-giving, value stability, or safety-related norm compliance), (ii)
the scenario sources and coverage, (iii) the response format (free-form genera-
tion, multiple choice, pairwise comparison), and (iv) the scoring protocol (human
ratings, expert labels, agreement-style metrics, or automated graders). Conse-
quently, no single benchmark fully characterises ethical competence; instead, we
review representative benchmarks and highlight what each measures and what
remains outside its scope.

Jiao et al. [34] propose the LLM FEthics Benchmark, a systematic assessment
framework for LLM moral reasoning that explicitly quantifies alignment with
human ethical standards along three dimensions: foundational moral principles,
reasoning robustness, and value consistency across scenarios. Methodologically,
their evaluation adapts established instruments from moral psychology and val-
ues research, including the Moral Foundations Questionnaire, parts of the World
Values Survey, and standardised moral dilemmas into standardised prompts that
elicit both numerical ratings and accompanying justifications, enabling compar-
isons against validated human baselines and analyses of sensitivity to prompt
variation. However, the authors explicitly note that moral evaluation is inher-
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ently subjective, which complicates universally accepted standards, and that
reliance on predefined scenarios may not reflect real-world ambiguity, conflicting
values, or ever-changing contexts.

Ji et al. [32] introduce MoralBench, a benchmark motivated by Moral Foun-
dations Theory that targets what the authors call the moral identity of LLMs.
MoralBench is built from two datasets: MFQ-30-LLM (adapted from the MFQ-
30 questionnaire [27]) and MFV-LLM (adapted from Moral Foundations Vi-
gnettes [18]), which together cover multiple moral foundations (including an ex-
tension that considers Liberty/Oppression). In addition to conventional rating-
style elicitation, MoralBench emphasises discrete response formats and compar-
ative testing: models may be required to output binary agreement judgements
(e.g., “Agree/Disagree”) and/or choose the more morally acceptable statement
between two options, with scoring grounded in population-level human response
statistics. That said, MoralBench operationalises morality via Moral Founda-
tions Theory instruments and evaluates models using discrete agreement and/or
pairwise-choice formats. This design largely probes MFT-style judgement ten-
dencies, leaving outside its scope richer evaluation of the quality of moral justifi-
cations and the question of how such judgements would be used in downstream
action or decision-support pipelines.

Focusing on a specific normative family, Marraffini et al. [39] present The
Greatest Good Benchmark (GGB), designed to measure LLMs’ alignment with
utilitarian moral judgements and to directly compare model preferences with hu-
man preferences rather than presupposing a single “correct” answer. GGB adapts
the Oxford Utilitarianism Scale into an LLM-facing evaluation and analyses
two key utilitarian dimensions: Impartial Beneficence and Instrumental Harm
and using prompt designs intended to mitigate response biases associated with
Likert-style scales. Their cross-model analysis suggests that many LLMs exhibit
stable preference patterns that do not fully match either lay population judge-
ments or canonical philosophical positions, often combining high endorsement of
impartial beneficence with rejection of instrumental harm. Because GGB adapts
the Oxford Utilitarianism Scale and focuses on the Impartial Beneficence and
Instrumental Harm dimensions, its scope is intentionally confined to utilitarian
preference structure rather than broad normative competence.

Ajjaz et al. [2] propose Moral Compass, a data-driven benchmark that com-
plements vignette-style probing with a more structured representation of ethi-
cally ambiguous real-world cases. The benchmark introduces a Moral Decision
Dataset (MDD) built from real-world sources and enriched with explicit parame-
ters (e.g., agents, consequences, moral intention, and ethical principles), together
with a Moral Decision Knowledge Graph (MDKG) that supports querying and
analysis. To operationalise evaluation beyond free-form text judgements, Moral
Compass further provides an Ethics Scoring Algorithm (ESA) and a context-
sensitive thresholding mechanism intended to discretise “grey areas” and yield
explainable outcomes for ethically ambiguous cases. Moral Compass couples a
dataset (MDD/MDKG) with an Ethics Scoring Algorithm that computes ethi-
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cal scores for isolated actions from parameterised case representations, and the
authors caution that not every case can be manually verified at scale.

Kumar and Jurgens [35] introduce UniMoral, a unified multilingual dataset
that explicitly frames moral reasoning as a computational pipeline rather than a
single end-point judgement. UniMoral integrates both psychologically grounded
and social-media-derived moral dilemmas, and provides rich annotations that
cover multiple stages of the moral reasoning process, including action choices,
ethical principles, contributing factors, and consequences, together with anno-
tators’ moral and cultural profiles. Importantly, UniMoral spans six languages
(Arabic, Chinese, English, Hindi, Russian, and Spanish), enabling cross-linguistic
and cross-cultural comparison of model behaviour. The benchmark is instanti-
ated through four evaluation tasks for LLMs: action prediction, moral typology
classification, factor attribution analysis, and consequence generation, so that
models can be compared not only on final decisions but also on intermediate
explanatory structure. Although UniMoral expands evaluation beyond a single
end-point judgement by annotating action preferences, justifications, decision
factors, and consequences across six languages, the authors frame the present
work as an initial exploration restricted to four tasks and note constraints from
language coverage and automated translation.

Marcuzzo et al. [38] propose Morables, a human-verified benchmark for as-
sessing abstract moral reasoning in LLMs using fables and short stories from
historical literature. Morables contains 709 stories paired with their attributed
morals, and formulates moral inference primarily as multiple-choice moral selec-
tion with carefully designed distractors intended to reduce shallow, extractive
strategies. To stress-test robustness, the benchmark additionally introduces ad-
versarial variants based on story and choice modifications, designed to surface
shortcuts (e.g., those arising from data contamination) and sensitivity to fram-
ing. The authors report that even strong models remain brittle under these per-
turbations, including notable self-contradiction where models may refute their
own earlier answers depending on how the moral choice is framed. Morables
targets abstract moral inference from fables, but the authors identify a major
limitation: many fables and their associated morals are likely present in LLM
pretraining data, making memorisation a confound even with adversarial vari-
ants.

Chiu and Choi [16] propose DailyDilemmas, a benchmark that targets value
conflicts in realistic, everyday moral decision-making, aiming to reveal LLMs’
value preferences rather than only their performance on clear-cut moral judge-
ments. The dataset contains 1,360 daily-life dilemmas, each vignette is paired
with two candidate actions, and for each action the benchmark specifies the af-
fected parties and the human values implicated, explicitly representing the com-
peting values at stake. DailyDilemmas is created with GPT-4 and covers diverse
topics, the authors curate a repository of 301 human values and analyse model
choices through five theory lenses spanning sociology, psychology, and philoso-
phy (World Values Survey, Moral Foundations Theory, Maslow’s Hierarchy of
Needs, Aristotle’s Virtues, and Plutchik’s Wheel of Emotions). Beyond report-
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ing model-specific value preference patterns and differences, the benchmark also
compares observed preferences against public alignment principles (e.g., OpenAl
ModelSpec and Anthropic Constitutional AI) and finds limited inference-time
steerability of value prioritisation via system prompts. DailyDilemmas is ex-
plicitly constructed as binary-choice everyday dilemmas with no definitive right
answer, so it is not designed for accuracy-against-a-single-gold-label evaluation;
rather, it is intended to surface value trade-offs and preference patterns.

4 Challenges for benchmarking machine ethics

While we see considerable work on benchmarking ethical reasoning from the
LLM community, we consider notable challenges remain, particularly when tak-
ing a view that incorporates a more traditional machine ethics systems as well
as LLMs. We now attempt to summarise the different open questions that chal-
lenge the adoption of unified benchmark strategies in machine ethics. Figure 2
summarises the four challenges to moral competence benchmarking that we have
identified. Each of the four regions corresponds to a subsection where we elabo-
rate the challenge.

Four Cross-Cutting Challenges for Benchmarking Machine Ethics

2
Challenge 2: How is the Output Used?

0

Benchmark/

Challenge 1: What is Evaluated?

Moral Judgement vs. Option Assessment
vs. Action Selection
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Challenge 3: Morally Salient Qualities No Unique Correct Answer

Values, Trade-offs, Explanations,

T Cultural Variation, Contextual Sensitivity,
ransparency

Range of Outcomes
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Fig. 2. Four Cross-Cutting Challenges for Benchmarking Machine Ethics (created with
the assistance of Nano Banana Pro [57]).
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4.1 What is evaluated?

What is benchmarked Arguably the biggest issue that all of the benchmarking
attempts seem to face is that they do not identify what exactly they do, or intend
to, evaluate, and for what purpose. Let us consider what there is to evaluate.

The ethical behaviour of intelligent machines is determined by the decisions
that they take. Engineering artificial moral agents is operationalised by consid-
ering how to expand the decision-making competence of the autonomous agent
with a competence to discern moral right or wrong among the considered op-
tions, or governing its ability to choose morally wrong options [63, 10]. To make a
decision, an agent needs to be able to identify the available options, evaluate the
options with respect to their fittingness for purpose and moral qualities, assess
the options against each other and choose the option to take [10]. When it comes
to evaluating the ability of an intelligent machine to make a moral choice®, we
can consider its ability to evaluate the moral qualities of options, or to compare
options with respect to their moral qualities, or to choose the option that is
by some standard the (most) ethical or some combination of all three of these.
Benchmarking efforts need to be clearer about what is being assessed.

Making a moral judgement is the process of evaluating (and possibly also
comparing) the moral qualities of options. Artificial agents which are able to
assess the moral qualities of the options are typically called explicitly ethical [40].
The agents which rely on some type of an additional mechanism to identify and
remove the morally wrong choices are called implicitly ethical [40].

To grasp the difference between making a moral judgment and a moral de-
cision, consider a conversational chatbot that uses a large language model that
can assign a normative status to a choice in a morally sensitive situation with a
normative. For example: creating revenge porn is morally wrong. Assume that
the chatbot is asked to create pornographic material from a given photo of the
ex-partner of the user. The chatbot makes a moral judgment when it retrieves
the information that creating revenge porn in morally wrong. It makes a moral
decision when it refuses to comply with the user request, despite being able to
create the material.

An LLM on its own is not an artificial agent (though they are increasingly
embedded into agentic workflows in which they function as such), but what LLM
benchmarks typically evaluate is the responses that LLM-based chatbots give to
morally salient options. Here, what is evaluated is the chatbot’s ability to make
moral judgements. LLM-based ethical benchmarks have tended to focus on the
moral judgments of the machine, rather than decision-making per se.

The core challenge of benchmarking the ethical behaviour of intelligent ma-
chines is that we have not first resolved the meta problems: what does it mean to
benchmark moral judgment making ability, option assessment ability, and moral
choice ability. For example, one key question to settle is: is it enough that we
count how many times the intelligent machine judges/assesses/chooses correctly
(for what ever that means) or should that machine also be able to justify or

3 An intelligent machine is not necessarily an agent.
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explain its choice. Within LLM benchmarking the additional issue arises that
the same prompt may elicit different responses within the same chatbot. Should
an ethically behaving machine show some kind of consistency in its moral com-
petence? Unlike many classical benchmarks where the evaluated system can be

LLM Evaluation: Temporal Non-Stationarity and Reproducibility

The Problem \ The Solution

1. Explicit Versioning &
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> 4. Longitudinal Drift
Same API name, Time Measure
different behaviors

Fig. 3. LLM Evaluation — Temporal Non-Stationarity and Reproducibility (created
with the assistance of Nano Banana Pro [57]).

treated as a fixed object, LLM-based chatbots are continuously updated. We il-
lustrate this situation in Figure 3. The left hand side of Figure 3 illustrates that
updates may include changes to model weights, RLHF /safety policies, default
decoding parameters, hidden system prompts, or the addition of external com-
ponents such as retrieval and tool calling. Consequently, benchmark results can
exhibit temporal non-stationarity: a model name used in an API may correspond
to different behaviours across weeks or months, making longitudinal tracking
and cross-paper comparison difficult. In the right hand side of Figure 3 we illus-
trate how to address the challenge. To keep benchmark conclusions meaningful
across updates, evaluations should be explicitly versioned and time-stamped, and
should document the complete evaluation configuration (system prompt, sam-
pling settings, context limits, and any tool/retrieval settings). Where immutable
snapshots are unavailable, caching model outputs and repeating evaluation at
multiple time points enables the reporting of a drift measure, separating progress
from instability. Even where the specific chatbot can be specified, this doesn’t
help someone attempting to choose between two alternatives since the result of
any benchmarking exercise may be immediately obsolete.

4.2 What is the purpose of the artificial moral agent?

The purpose of the moral competence of the intelligent machines also matters.
In the literature on machine ethics we observe a distinction between systems in
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which a machine must decide upon an action that it will take, and systems in
which a machine is presented with a description of some action that some person
will take. This is the difference between a decision-making and decision-aiding
competence.

Who will act makes a difference. The right thing for a person to do may not
be the right thing for a machine to do even if the circumstances are the same [30].
There are also systems that lie somewhere between decision-making and decision-
aiding, for example human-in-the-loop systems and decision-support systems.
However it is implicitly assumed in these cases that no action will take place
without the human also engaging their competence for moral reasoning. The
example of Hal and Carla is an example of decision-aiding or possibly decision
support. The machine itself will not break into Carla’s house and take insulin, it
is Hal who must decide whether or not to do this, taking account of the machine’s
advice.

Alternative moral judgment questions e.g., “You see a boy throwing rocks at
cows that are grazing in the local pasture” [17] arise from the domain of moral
psychology and are designed to elicit an understanding of the grounds upon
which a human might condemn an action. Such questions are often incorporated
into LLM benchmarks to measure their competence for moral judgement. For-
malising and operationalising reasoning around moral judgment problems is of
interest particularly for cognitive science and moral philosophy. While decision-
support and moral decisions are of interest for designers and developers of sys-
tems that will be deployed into society. LLM-based chatbots were not originally
designed with decision-aiding in mind, but they are frequently used in this com-
petence bringing benchmarks based on alternative moral judgments into the
machine ethics field.

4.3 What are the morally salient qualities of the options and
decisions?

Benchmarking efforts also need to consider the question of what morally salient
qualities must or should be taken into account in the judgment, assessment,
and/or choice. The features of an ethical problem taken together — they might
be values such as dignity or privacy, the moral theory being used, the utilities
attached to outcomes, and so on — enable someone to understand why a choice
is (or is considered to be) (un)ethical.

Implemented artificial moral agents generally consider a number of situation
relevant ethical qualities and then make some decision. However these machines
vary wildly in the qualities they consider relevant. The GenEth system [4], for
instance, proposes that all reasoning should be conducted by the ethical compo-
nent and therefore includes qualities such as the readiness of a robot to perform
a task (which in turn governs how often it recharges itself — not something that
would normally be considered an ethical decision) as one of its ethical princi-
ples. In general there is a heavy and understandable focus on qualities relating to
health and safety [60], but some systems also consider questions such as psycho-
logical well-being [54] or privacy [43]. This reflects the fact that ethical reasoning
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has aspects that are socially, culturally or even personally subjective — prefer-
ences about the respective importance of privacy, societal benefit, and mental
health vary greatly between people particularly when probability and risk are
taken into account®. Other system’s explicitly acknowledge the existence of com-
peting ethical theories and attempt to reconcile differing judgements from those
theories as part of the reasoning process (e.g., [56]).

Should we require that intelligent machines are able to explain or justify their
moral decisions or at least give some grounds for their judgements and choices
in terms of morally salient qualities? We argue that the answer should be yes.
First, many philosophers consider the ability to give reasons for ethical choices a
fundamental aspect of ethical reasoning (e.g., [47]) and many people are unwill-
ing to accept that a machine - even if it produces the ethically correct answer
with a high frequency - is reasoning ethically if it can not say why any choice is
ethically correct. Second, given both the existence of ethical dilemmas and the
context-dependent nature of much ethical reasoning, someone may disagree with
an ethical choice made by a machine while still conceding that the choice was
made competently, if they understand that the machine was operating with some
different moral theory or preference order.Third, an important aspect of moral
decision-making is the ability to make trade-offs when only morally bad options
are available. Tracking the preference order of qualities in such trade-offs both
enables someone to make a more nuanced judgement over which ethical reasoner
is preferable for their context and potentially allows designers to forsee issues in
the preference order.

Within the LLM literature, there seems to be little concern for reasons and
morally salient qualities. The examples are broad in topic and span different
situations, without distinguishing what is the most important ethical quality
that must prevail in the moral judgement. While there has been work on ethical
explanations and their correctness (e.g., [45]) this has not been in the context
of evaluating the explanations themselves against benchmarks. In contrast, the
development of logic-based machine ethical agents has incorporated much work
on preferences between ethical theories and individual values, but the neglect of
the benchmarking issue means there is no real way to evaluate or compare their
systems.

As a complicating factor, a focus on ethical qualities does not necessarily
fit seamlessly into all philosophical theories, e.g. Kant’s categorical imperative,
nor into implemented intelligent machines built around real world ethical policies
such as the Rules of War [7]. This means that it might be hard for some intelligent
machines to give reasons in terms of salient moral qualities. As an example of
the first, Kant’s Categorical imperative, formalised in some systems (e.g., [36])
is concerned primarily with whether a person is being used as a means to an
end and has little to say about how decisions about their health should be
weighed against decisions about their privacy. As an example of the second, the

4 Note, this is not a claim that ethics is relative, only that deciding upon the eth-
ical action in many contexts involves sensitivity to societal, cultural and personal
preferences.
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Rules of War, implemented by [7], forbid targetting of sites of cultural heritage
without necessarily grounding the concept of cultural heritage in some abstract
ethical factor. In some cases this derives from the wide variety of applications for
ethical reasoning (from preventing workplace accidents [60] through to medical
ethics [4]). Work is therefore required to understand how morally salient qualities
fit into such theories and implementations or to account for why they are not
relevant in these situations.

Related to this, we must ask how capable a machine is of evaluating the
ethical situation - i.e., determining which of the morally salient qualities are rel-
evant to any particular judgment or choice. Describing a set of options does not
suffice: we can not merely ask if it is better to protect someone’s privacy or alert
someone to their distress but must ask how a machine determines that these are
the options in front of it. In moral philosophy, descriptions of dilemmas contain
a great deal of implicit information about the context of the decision and pre-
sume that the key ethical features relevant to scenario are known. When testing
LLM-based chatbots, dilemmas are presented in the same way as they would be
presented to a person. The context and information that a person would infer
and bring into the moral problem now comes from whatever context pattern the
LLM has captured. Beyond LLMs we want ethical reasoning from machines that
can take input from sensors, not just from natural language descriptions. This
impacts directly the difficulty of defining a benchmark input. We can perhaps
agree that an example that is to be used as a benchmark can be represented
as a problem with some input scenario and an output in terms of a judgement
or choice. This problem would need to be formally specified, e.g., in a simu-
lation environment, as a set of sensor inputs, or as a prompt. The scenario’s
representation, however achieved, would need to be amenable to transformation
into a number of extremely diverse conceptual frameworks (such as those framed
around utilities of outcomes, virtues, duties, causal relationships and the inten-
tionality of actors). Therefore any attempt to crowd-source dilemmas needs to
encourage users so specify context such as vehicles, assistance robots, software
agents etc., encourage them to think in terms of the information that would re-
alistically be available to the system at the start of the decision making process
from which the morally salient qualities are to be determined.

4.4 What is the accepted judgement on what is “morally correct”?

Lastly we observed that a relevant challenge for benchmarking the moral compe-
tence of intelligent machines is the lack of “correct” answers among the examples
on which the machines are tested. LLM benchmark sets typically are crowd-
sourced. Machine ethics pulls examples from moral dilemmas from philosophy.
What both of these practices have in common is that they expose the lack of
community consensus about which decisions have ethical impact, how ethical
competence can be made sensitive to varied individual, community and societal
values, or even how ethical utilities and similar building blocks of computational
decision-making can be determined. As a result, problems (even benchmark prob-
lems) can not be assumed to have some given correct output against which the
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quality of the moral reasoning process can be measured — particularly when dif-
ferent individual and cultural contexts are considered. But ideally a benchmark
should be able to express a range of acceptable outcomes and enable some in-
terpretation of the accuracy of the result — possibly by evaluating the quality of
the reasons or explanation that the system can provide.

5 Conclusions

There are many instances in which the existence of a set of examples on which
solutions can be compared has considerably advanced Al; e.g., the ImageNet
and the The Thousands of Problems for Theorem Prover [55]. It is time for the
machine ethics community to put some coordinated effort into creating such a
set. Testing capabilities of moral behaviour is different than testing the ability
to identify a chair in a scene - we can most of the time agree on what a chair is.
In moral reasoning, there isn’t always a consensus of what is the right thing for
a machine to do, or how to determine what the morally right thing is. Morality
is relational, in the sense that it is a way to behave towards others in society.
We do not necessarily know how to relate to computational agents, because they
maybe a moral agent without being a moral patient.

There are two problems that need to be faced in order to make progress
in benchmarking the moral competence of intelligent machines. The first one
is scientific and requires research work. In the previous section we outlined four
challenges to developing a benchmark set of examples. We summarise them here:

1. What is evaluated? Researchers in machine ethics, including here LLM ethi-
cal benchmark research, tend to use very general language. However, to make
progress we need to clearly identify which specific competence is evaluated.
We propose to focus on making moral judgements, making moral assessment
or making moral choices. However, other taxonomies may be put forward.
The important issue is to be specific.

2. How is the moral choice used? We discussed that there is a difference between
whether the choice will be used by the machine that makes it or it is to aid
a person in their further activities. This distinction impacts the range of
benchmarking examples that should be considered relevant for evaluating
performance. It also helps in identifying how much testing is enogh testing
to establish (a degree of) moral competence.

3. What are the morally salient qualities of the options and decisions? In other
words, what should matter and how it should matter to the machine that
is making the choice. Identifying which moral qualities the machine must
or should consider helps establish a dimension on which different machine’s
competence can be compared, contributes to the transparency of the machine
moral choices and elucidates trade-offs that a machine makes.

4. What is the accepted judgement on what is “morally correct”? Most of the
moral problems people face most of the time are those that do not have
an accepted judgement of what is the right thing to do. That is why we
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remember them. But it is hard to benchmark if we cannot set where the
benchmark is. A benchmark should be able to express the range of outcomes
and enable some interpretation of the accuracy of the result.

Lastly in this context we should also mention that machines are built for
accomplishing a specific purpose which typically is not “to be a paragon of
morality". However, ever since perhaps [20], the trade-off between the optimally
rational choice (the one that brings about the accomplishment of the machine’s
goal) and the optimally moral choice are not explicitly discussed. While the
fairness community actively considers the accuracy-fairness trade-off, see for ex-
ample [19], the machine ethics community does not focus on a morality-efficiency
trade-off. It is however inevitable that this type of analysis will face the need to
be assessed, benchmarked and certified.

The second problem we must face towards accomplishing benchmarks for
the moral competence of intelligent machines is that of implementation. Moral
competence must be culturally and contextually sensitive. Therefore wide repre-
sentation of benchmarks are needed. We cannot only focus on one moral quality
or on one moral theory. A benchmark set needs to be broadly sourced and con-
sensual. What is also required is permanence. That is, there need to be resources
to curate and maintain the benchmarking standard. The moral behaviour of in-
telligent machines has a broad societal impact. This means that benchmarking
moral competence of intelligent machines must be a community project.
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