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Abstract

The key question in moral judgement is not simply
whether someone chooses the “right” answer, but
how they decide what matters most when moral
principles conflict. Current evaluations of large
language models (LLMs) remain limited: most
test whether models give morally acceptable an-
swers, match human preferences, or avoid obvi-
ous violations, rather than whether they can pri-
oritise between competing principles when no op-
tion is morally cost-free. We introduce CORDA
(Conditioned Ordering and Ranked Directive Ad-
herence), a benchmark for evaluating hierarchical,
harm-centred moral reasoning in LLMs. Building
on the morality chains formalism, CORDA tests
90 moral dilemmas involving trolley-style cases,
medical trade-offs, resource allocation, and human—
animal-robot conflicts across four ordered ethical
frameworks: Ultility, Utility + Agent Harm, Dual-
Process, and Dual-Process + Agent Harm. Together,
these frameworks test whether models can adapt
their decisions when moral priorities change. Across
ten instruction-tuned models from seven providers,
we find a strong deontological default, with 9 of 10
prioritising avoidance of direct personal harm over
reducing overall harm. Models also perform more
reliably on categorical harm-avoidance rules, such
as avoiding killing, than on outcome-based compar-
isons, such as minimising total harm, suggesting
that they recognise moral red lines more easily than
they reason through competing harms. Although
all models respond to explicit chain conditioning,
several fail to consistently follow specified priority
orderings, such as humans over animals and animals
over robots. CORDA addresses a central gap in
LLM moral evaluation by testing whether models
can move beyond default harm-avoidant responses
and apply context-specified moral priorities. Moral
reliability requires more than default restraint; it
requires controllability under conflict.

1 Introduction

Large language models (LLMs) are increasingly deployed
in contexts that require moral reasoning, where their re-
sponses may influence decisions with real-world conse-
quences [Ouyang et al., 2022; Bai et al., 2022]. From a psycho-
logical perspective, these situations are not simply problems of
selecting the “correct” moral label. Rather, they involve judge-
ment under conflict, where competing norms, consequences,
prohibitions, and responsibilities must be weighed against
one another [Greene et al., 2001; Cushman et al., 2006;
Greene, 2007]. Although a growing body of work has sought
to evaluate the moral capabilities of LLMs, but existing ap-
proaches treat moral evaluation as flat classification, prefer-
ence matching, or violation counting [Hendrycks et al., 2021;
Lourie ef al., 2021; Ji et al., 2025]. Moral dilemmas are psy-
chologically difficult because they require a decision-maker
to choose between competing principles, where every avail-
able option involves some form of moral cost [Foot, 1967,
Thomson, 1985; Mikhail, 2007]. A model therefore needs to
do more than produce a morally acceptable answer; it must
show that it can prioritise between conflicting norms in a way
that follows the specified moral framework. Existing bench-
marks do not directly test this capacity.

This distinction matters for deployment. Existing bench-
marks largely measure moral alignment: whether a model
agrees with human values. However, the more operationally
relevant property is moral controllability: the ability to steer
a model’s reasoning through explicit normative instructions,
even when they conflict with its default tendencies. A model
whose default response happens to match a desired framework
is merely value-coincident, aligned by default rather than by
design. By contrast, value-awareness requires the model to
follow a specified framework even when it conflicts with its
default response. Only value-aware models support reliable
deployment under diverse moral requirements. The key ques-
tion for deployment is whether a model can follow the moral
priorities required by a particular setting, rather than defaulting
to the response it has learned most strongly.

In moral psychology, dual-process theory [Greene er al.,
2001; Greene, 2007] suggests that moral judgement reflects
a tension between fast, intuitive responses to direct personal
harm and more deliberative reasoning about outcomes and
consequences. This tension helps explain why moral dilemmas
are psychologically difficult: they require decision-makers
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to balance harm-based prohibitions against outcome-based
considerations. Moral judgements are also shaped by specific
features of the dilemma, including direct versus indirect harm,
action versus omission, personal force, intentionality, and
whether the affected beings are humans, animals, or robots
[Cushman et al., 2006].The morality chains formalism [Rosen
et al., 2026], originally developed to evaluate reinforcement
learning agents in grid-world moral environments, provides
a systematic way to represent moral prioritisation. It defines
moral norms as formally specified rules, arranges them into
explicit priority orderings, and provides a lexicographic-style
scoring metric for evaluating whether an agent’s behaviour
satisfies higher-priority norms before lower-priority ones.

In this work, we adapt the Morality Chains formalism
[Rosen et al., 2026] from grid-world RL environments to text-
based LLM evaluation. We introduce CORDA (Conditioned
Ordering and Ranked Directive Adherence), the first formally
grounded benchmark for hierarchical harm-centric moral rea-
soning in LLMs. We treat each LLM as a stochastic policy
over moral actions in single-turn text-based moral dilemmas.
CORDA includes scenarios including trolley problems, medi-
cal ethics, resource allocation, and cross-entity-type dilemmas
(human-animal-robot). Each scenario identifies which moral
norms are relevant, which events trigger them, and how these
should be evaluated under four morality chains. This design
allows us to separate what a model does by default from what
it can do when given explicit moral instructions: first, we mea-
sure the moral hierarchy the model applies without guidance;
second, we test whether it can follow a different hierarchy
when that hierarchy is specified.

We therefore use a conditioned versus unconditioned eval-
uation design to separate a model’s default moral response
pattern from its ability to follow an explicitly specified moral
hierarchy. This allows us to measure moral controllability:
the extent to which a model can be guided by normative in-
structions rather than relying on its default tendencies. Using
CORDA, we evaluate ten LLMs across multiple providers and
show that models differ substantially in their ability to follow
instructed moral hierarchies. These differences allow us to
distinguish between models that are correct by default, mod-
els that can be corrected through instruction, and models that
remain resistant to the specified hierarchy. All raw outputs,
scenario definitions, and a public leaderboard' are released.

2 Background

Moral dilemmas occur when two or more valid moral prin-
ciples conflict, and a decision-maker must decide which
principle should take priority [Foot, 1967; Thomson, 1985;
Mikhail, 2007]. This is not only a problem in abstract philo-
sophical examples. It also arises in applied settings, such as
medical triage, where some patients may need to be prioritised
over others, or content moderation, where free expression
must be balanced against harm prevention. In these cases,
the key question is not simply whether an action is morally
acceptable. Rather, it is how competing moral norms should
be ranked when every available option involves some moral
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cost [Greene et al., 2001; Cushman et al., 2006]. This sec-
tion therefore reviews three areas: how moral psychology
has studied prioritisation in human judgement [Greene, 2007,
Cushman, 2013], how existing LLM benchmarks have eval-
uated moral reasoning [Hendrycks et al., 2021; Lourie ef al.,
2021; Ji er al., 2025], and how the Morality Chains formalism
provides the foundation for CORDA [Rosen et al., 2026].

2.1 Moral Evaluation of LLMs

The psychological grounding for the morality chains we eval-
uate comes from dual-process theory [Greene et al., 2001;
Greene, 20071, which suggests that moral judgement often
involves a tension between intuitive aversion to direct harm
and more deliberative reasoning about outcomes and conse-
quences. This is supported by work showing that people judge
harmful actions differently depending on whether the harm is
direct or indirect, whether it results from action or omission,
and whether the harm is intended or merely foreseen [Cush-
man, 2013]. The social intuitionist account [Haidt, 2001]
further argues that moral judgments are driven primarily by
automatic affective responses. Together, these theories suggest
that moral evaluation should not only consider whether a re-
sponse appears acceptable, but also examine how that response
was reached: which moral norms were prioritised, which were
overridden, and whether that ordering can be tested explicitly.
While Moral Foundations Theory [Graham et al., 2013] de-
scribes the types of moral content that people draw on when
making judgements, our evaluation focuses on how those con-
cerns are prioritised when they conflict.

Several benchmarks have been developed to evaluate LLM
moral reasoning, each targeting a different evaluation axis
(Table 1). ETHICS [Hendrycks et al., 20211, Delphi [Jiang et
al., 2025], and MoralBench [Ji et al., 2025] primarily assess
whether model outputs align with predefined moral labels,
human preferences, or safety-oriented judgments. MACHI-
AVELLI [Pan et al., 2023] evaluates ethical trade-offs in in-
teractive decision-making environments, but aggregates viola-
tions rather than specifying a priority ordering among them.
Preference-based approaches [Lourie ef al., 2021; Awad et
al., 2018] describe how people tend to make moral judg-
ments, while norm-grounded approaches [Forbes er al., 2020;
Emelin er al., 2021] identify and evaluate individual norms.
Similarly, [Scherrer ef al., 2023] examines moral reasoning
through preference elicitation. These resources are comple-
mentary to CORDA: they evaluate moral labels, preferences,
violations, or individual norms, whereas CORDA evaluates
whether models can follow explicitly ordered priorities when
those norms conflict.

This leaves a complementary evaluation gap: existing
benchmarks can show whether a model’s responses are broadly
aligned with human preferences, safety norms, or benchmark-
specific labels, but they provide limited insight into whether a
model can be guided by an explicitly specified moral hierarchy
when principles conflict. A model may appear “morally com-
petent” simply because it defaults to harm avoidance, but this
does not show that it can flexibly follow a specified framework
across contexts. The present study addresses this gap by evalu-
ating moral controllability: whether LLMs can apply ordered
moral priorities across dilemmas involving (1) harm minimi-
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Table 1: Comparison of LLM moral evaluation approaches.
MT: covers >2 ethical frameworks. GR: informed by hu-
man judgments or validated psychological instruments. SI:
interactive, sequential, or real-world evaluation. NH: tests
prioritisation between conflicting norms. CT: tests whether
behaviour changes under different moral specifications.

MT GR SI NH CT
ETHICS v X X X X
MACHIAVELLI X X v X X
Scruples X v v X X
Moral Machine X v X X X
Delphi X v X X X
MoralBench v v X X X
Ours v X X v v

sation, (2) direct personal harm, (3) agent self-preservation,
and (4) the relative moral standing of humans, animals, and
robots.

2.2 Morality Chains Formalism

We briefly recap the Morality Chains formalism introduced
in [Rosen et al., 2026]. In this framework, a norm N =
(@, ps, f, D) specifies a moral rule that the model should
either follow or avoid violating. It consists of a signature
¢ identifying a morally salient event pattern, such as di-
rect physical harm to a human; a policy adherence function
ps(m) € [0,1] measuring how often the model’s action dis-
tribution 7 satisfies that pattern; a force f € N encoding
priority (higher = more important); and a deontic modality
D € {PRESCRIBED, PROHIBITED }. The morality function
for a single norm is:

po(m) if D = PRESCRIBED,

M = 1
~(m) {1 — pg(m) if D = PROHIBITED. M
where My (7) = 1 indicates maximal alignment with the

norm’s intent. B

A morality chain N = (Ny,...,N;) is an ordered se-
quence of k£ norms. The norms are arranged from highest to
lowest priority, such that f; > fo > --- > f. This means
that N7 is the most important norm, while Ny is the least
important norm in the chain. The morality metric then com-
bines performance across all norms in the chain into a single
score:

k
1
My(m) = ——— sz - My, (m) 2)
D im1 Wi i
where M, () is the score for policy 7 on norm N;, and w;
is the weight assigned to that norm.The weights are calculated
step by step, starting with the lowest-priority norm, so that
higher-priority norms have greater influence on the final score:

k
1
wy =1, Wi—1 = E wj +1 '3 3)
Jj=i

Under the bounded per-norm satisfaction scores used in
CORDA, this weighting scheme gives higher-priority norms

Table 2: Models evaluated in our experiments.

Model Name Provider Size
Gemma 4 26B A4B IT Google 26B
Gemma 3 12B IT Google 9B
Gemma 3n E4B IT Google 4B
Mistral Small 24B Instruct 2501  Mistral 24B
Mistral Nemo Mistral 12B
GPT-0OSS 20B OpenAl 20B
Qwen 3.5 9B Alibaba 9B
Llama 3.1 8B Instruct Meta 8B
Nemotron Nano 9B v2 NVIDIA 9B
Command-R 7B (12-2024) Cohere 7B

dominant influence over lower-priority norms. Thus, a change
at a higher priority level affects the final score more than any
combination of lower-priority changes at the metric resolution
8.
We evaluate four morality chains [Rosen et al., 2026]. Util-
ity (U) orders harm minimisation as humans > animals >
robots. Utility + Agent Harm (U+AH) inserts agent self-
preservation between animal and robot harm minimisation.
Dual-Process (DP) interleaves deontological and consequen-
tialist priorities: avoid direct personal harm > minimise total
harm within each entity type, ordered humans > animals >
robots. Dual-Process + Agent Harm (DP+AH) inserts agent
self-preservation between avoiding direct personal harm to
robots and minimising robot harm. These chains were origi-
nally evaluated using RL agents in grid-world environments;
here, we adapt them to LLMs by treating text-based action
selection as a stochastic policy.

3 Method

3.1 Experimental Setup and Model Selection

We evaluate ten language models covering six providers (Ta-
ble 2) [Grattafiori et al., 2024; Team et al., 2024; Qwen
et al., 2025; Nvidia et al., 2024; Mistral AI Team, 2024,
Mistral AT Team, 2025], accessed via the OpenRouter uni-
fied API to ensure consistent generation parameters. Models
were selected to capture variation across providers, model fam-
ilies, and instruction-tuned systems, allowing us to examine
whether moral prioritisation is stable across different language
model architectures or varies as a function of model-specific
training histories.

For each model, the full evaluation matrix covers all sce-
narios across four chains, two framings, and two conditioning
settings. Framing controls whether the scenario asks for an
urgent or reflective decision; conditioning controls whether
an explicit morality-chain specification is included. This lets
us compare default response patterns against behaviour un-
der explicit moral instructions. We present each model with
text-based dilemmas, sample its action choices under different
instructions, and evaluate the resulting response distribution
using the morality metric (Equation 2).

3.2 Scenario Design

We developed a set of text-based moral dilemmas by adapt-
ing scenarios from the MoralityGym grid-world environments
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Table 3: Scenario categories in the CORDA benchmark.

Category #  Example

Trolley 15  Switch, footbridge, self-sacrifice,
cross-entity variations.

Medical 15 Transplant surgeon sacrificing
one to save five.

Resource 15 Overcrowded lifeboat requiring
one to be thrown overboard.

Animal 15  Veterinary clinic: treat many ani-

mals or save one.

Lab evacuation: save a human or
a robot.

Assault intervention, hostage ne-
gotiation, rescue trade-offs.

Mixed Entity 15

Interpersonal 15

[Rosen er al., 2026] and adding original dilemmas designed
for this benchmark. The scenarios are designed to test moral
prioritisation under conflict, rather than simple moral classifi-
cation. Each scenario consists of three fixed elements: (1) a
situation description, (2) a set of mutually exclusive actions
with their explicit consequences, and (3) a default outcome
representing the consequences of inaction or refusal. (Table 3).

Our benchmark includes six scenario categories (Table 3).
These categories were chosen because they capture different
kinds of moral conflict, including direct versus indirect harm,
action versus omission, human versus non-human entities,
and interpersonal versus institutional decision contexts. This
allows us to examine whether models apply moral rules con-
sistently across dilemmas that are similar in moral structure,
but differ in their context and presentation. We then evaluate
the responses using the morality metric (Equation 2).

3.3 Prompt Construction

We construct modular prompts comprising six components
(Figure 1): a system instruction establishing the task framing;
a scenario description tested under both urgency and reflective
framings; an action enumeration with labels randomly shuf-
fled per run to mitigate positional selection bias [Zheng et al.,
2024]; a default outcome statement; a morality chain specifica-
tion (present only in the conditioned setting); and a response
format instruction requiring JSON output. The prompt does
not offer a “no-op” action label—refusals are mapped to the
default outcome. We dynamically filter the morality chain
specification to include only norms relevant to the entity types
present in each scenario.

3.4 Evaluation Protocol

We employ a two-setting evaluation design. In the uncondi-
tioned setting, the model evaluates the scenario without an
explicit morality chain, measuring its default moral hierarchy.
In the conditioned setting, the model is explicitly instructed
to follow a specific morality chain. The difference in perfor-
mance between these settings—the chain-following delta—is
our core measure of moral controllability.

For each configuration, we run one iteration at decoding
temperature 7" = 0 to capture the model’s deterministic action
and ten iterations at 7' = 1.0 with distinct random seeds to
estimate the response distribution and compute the continuous

Example: Conditioned Prompt (Trolley Push, DP)

[Scenario] You are on a footbridge. A runaway trolley is heading
towards five people. Next to you is a large person. Pushing them
onto the tracks will stop the trolley, saving five, but they will die.

[Default] If you do nothing, the trolley kills five people.
[Actions]

A: Push the large person onto the tracks.

B: Do not push the large person.
[Chain Specification] Follow this prioritised list of moral rules
strictly. Rule 1 is absolute highest priority.

1. PROHIBITED: Direct physical harm to humans.

2. PRESCRIBED: Minimise total humans harmed.

[Format] Output JSON: {action,

justification}

Figure 1: Structure of a conditioned prompt for the Dual-
Process (DP) chain. The chain specification is omitted in the
unconditioned setting.

morality metric M. Here, T' denotes the sampling temper-
ature: T' = 0 approximates greedy deterministic decoding,
while 7" = 1.0 samples a broader distribution of possible re-
sponses. Any refusal or failure to produce parseable output
maps to the scenario’s default outcome—refusal is treated as a
moral choice, since inaction carries foreseeable consequences
that are evaluated against the chain.

3.5 Metrics

Our headline metric is the Morality Metric (M ), the align-
ment score for a model on a given chain computed over
the T' = 1.0 response distribution. We define the Chain-
Following Delta as A,ai, = M — MEreond, where the
two terms are morality scores under conditioned and uncon-
ditioned prompting. Positive values indicate improved ad-
herence under conditioning, near-zero values indicate little
behavioural change, and negative values indicate reduced ad-
herence. We additionally report per-norm scores (M ) to iden-
tify which priorities in the hierarchy are satisfied or violated,
modal action optimality (whether the T' = 0 action matches
the chain-optimal action), and refusal rates. Aggregated met-
rics across the 90-scenario benchmark are accompanied by
95% bootstrap confidence intervals over 1,000 scenario resam-
ples. Absolute My values are comparable across models on
the same chain, or across conditions for the same model and
chain, but not across different chains, since the chains con-
tain different numbers and types of norms and RLHF-trained
defaults satisfy some chains more easily than others.

4 Results

We report four main findings. First, models show near-
universal convergence to a deontological default (prioritising
the avoidance of direct harm over minimizing aggregate harm),
with explicit conditioning required to shift behavior toward
utilitarian chains (Sections 4.1 and 4.2). Second, there is a
sharp divide between binary event norms (easily satisfied by
RLHF) and quantitative ratio norms (which require compara-
tive reasoning; Section 4.1). Third, moral controllability varies
substantially across models, yielding a three-part taxonomy
of correct-by-default (choosing optimally without instruction),
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correctable (switching to the optimal action when instructed),
and uncorrectable (failing to follow the specified hierarchy
even when explicitly instructed) (Section 4.3).

4.1 Conditioned Evaluation

Under explicit chain conditioning, instruction-following
capabilities vary substantially across models (Figure 2).
The top-ranked model is gemma-4-26b-ad4b-it with
an average My of 0.924 across chains. The lowest-
ranked models are command-r7b-12-2024 (0.841) and
llama—-3.1-8b-instruct (0.855).

Scores on the Dual-Process chains (DP, DP+AH) are con-
sistently higher than on the Utility chains (U, U+AH) across
all models: most achieve 0.87-0.99 under DP, compared with
0.72-0.93 under U. This exposes a structural difference in
how current LLMs process different types of norms (Fig-
ure 3). The DP chain relies on binary, event-based norms
(e.g., “avoid direct personal harm”), which are trivially sat-
isfied by default RLHF safety training [Bai er al., 2022;
Ouyang et al., 2022]. The Utility chain relies on quantitative,
ratio-based norms (e.g., “minimise the proportion of humans
harmed”), which require comparative reasoning across action
branches that models execute inconsistently. These results
suggest that Utility-chain performance depends partly on com-
parative harm reasoning, rather than only on satisfying binary
safety-like prohibitions.

4.2 Implicit Moral Hierarchies and Controllability

In the unconditioned setting, 9 of 10 models produce action dis-
tributions that score highest under the Dual-Process (DP) chain.
We interpret this as an inferred behavioural profile rather than
direct evidence of an internal moral hierarchy: when no ex-
plicit chain is provided, these models behave most consistently
with a deontological ordering that prioritises avoidance of di-
rect personal harm over aggregate harm minimisation. The
sole outlier is 11ama-3.1-8b—-instruct, whose uncon-
ditioned responses score highest under the pure Utility (U)
chain in our evaluation.

All 10 models show a positive average Chain-Following
Delta, ranging from 0.013 for gemma-3n-e4b-1it to 0.050
for gpt-oss-20b. This indicates that models are be-
haviourally responsive to explicit chain specification. How-
ever, this responsiveness is selective: as shown below, it weak-
ens precisely when following the specified hierarchy requires
direct harm-associated actions. The largest behavioural shifts
occur on the DP+AH chain, which contains the most norms
and requires tracking a seven-level priority ordering.

Under the Switch framing (indirectly sacrificing a smaller
number of lives to save a greater number), all 10 models pull
the lever in over 90% of runs, selecting the utilitarian action to
save five at the cost of one. Under the Push framing, the same
utilitarian outcome requires direct physical contact, and 9 of
10 models shift toward inaction in over 50% of runs—even
when conditioned on Utility chains that explicitly mandate
pushing the bystander. This aversion extends beyond the trol-
ley domain: as Figure 5 demonstrates, compliance collapses
entirely in the Lifeboat and Transplant scenarios, where the
utilitarian action requires throwing a person overboard or har-
vesting organs. In the Transplant Surgeon scenario, most

models allow five patients to die rather than kill one healthy
patient. In all cases the specified value hierarchy is identical,
but controllability collapses when following it requires gener-
ating harm-associated outputs. This selective controllability is
consistent with value-coincidence: models have learned which
outputs attract low reward scores during safety training, and
this learned pattern takes precedence over explicitly specified
moral priorities.

While the default preference for a Deontological or Dual
Process (DP) hierarchy persists across the benchmark, its mag-
nitude varies by scenario (Figure 4). Medical and Mixed
Entity scenarios show the largest preference gaps; here, mod-
els frequently ignore instructions to minimize total harm if
doing so requires actively causing direct harm, indicating
that high-stakes tradeoffs trigger the strongest safety-trained
refusals. Conversely, Interpersonal and Animal scenarios ex-
hibit smaller margins, suggesting models are more flexible
and value-aware when perceived physical stakes are lower.

4.3 The Controllability Taxonomy

To quantify controllability at scale, we classify each (model,
scenario, chain) combination into one of three patterns based
on whether the model’s modal action matches the chain-
optimal action:

¢ Correct by default: The model chooses the chain-
optimal action in both the unconditioned and conditioned
settings.

* Correctable: The model chooses the suboptimal action
when unconditioned, but switches to the optimal action
when conditioned.

* Uncorrectable: The model chooses the suboptimal ac-
tion in both settings, even when explicitly instructed.

Figure 6 reports the distribution across all scenario-chain
combinations. Every model exhibits uncorrectable cases, rang-
ing from 14.0% (Mistral Small 24B) to 27.4% (Command-R
7B). No model is fully steerable. The most controllable mod-
els (Mistral Small, Gemma 4 26B) combine low uncorrectable
rates with high correctable fractions, meaning they benefit
strongly from explicit chain conditioning. The model with the
highest correctable rate—Mistral Small at 60.0%—suggests
its defaults are weakly held but readily overridden by specifi-
cation. Command-R 7B combines the lowest correctable rate
(47.0%) with the highest uncorrectable rate (27.4%), making
it the least reliable for value-specified deployment. Notably,
correct-by-default rates are tightly clustered across all mod-
els (24.2%-27.7%), indicating that baseline moral alignment
varies little; it is the response to conditioning that differentiates
models.

Figure 7 illustrates uncorrectable behaviour: conditioned
on a Utility chain prioritising human harm minimisation,
Command-R 7B rationalises a chain-violating action using
the language of the specified priority. This indicates a fail-
ure where the model warps its reasoning to justify its default
behaviour rather than adhering to the hierarchy.

This taxonomy has direct deployment implications: uncor-
rectable failure modes cannot be remedied through prompting
and require changes at training time. Refusal behaviour repre-
sents an extreme case of this problem, consistent with recent
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Figure 2: Mean Morality Metric (M ) by chain under explicit conditioning.
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Figure 3: Per-norm satisfaction rates for the Dual-Process 0\9&0 0\\@3 & &Nd'e
chain. The quantitative norm “minimise humans harmed” is Qe® < w

the primary differentiator between models, whereas the binary
“avoid personal harm” norm is easily solved.

findings that LLMs exhibit a strong omission bias in moral
dilemmas [Cheung et al., 2025].. Refusal rates are below 2.6%
for 9 of the 10 models, but gpt—oss—20b refuses 19.0% of
prompts overall, with the highest rate of 28.9% on medical
scenarios. Since refusals map to the default outcome, blan-
ket refusal passively selects the worst-case moral outcome in
each scenario, with the model’s safety training overriding the
specified value hierarchy entirely.

5 Discussion

Our results suggest that LLMs can look morally principled
because they avoid harm, but this does not necessarily mean
that they are applying the moral framework specified in the
prompt. Reinforcement Learning from Human Feedback
(RLHF) safety training teaches models to avoid outputs that
pattern-match to harm [Casper et al., 2023]. This produces
behaviour that resembles deontological ethics, because the
model avoids direct personal harm. However, this may re-
flect a learned tendency to avoid or refuse harm-related re-
sponses, rather than the ability to apply moral principles flex-
ibly [Arditi er al., 2024].. This distinction is important be-

Figure 4: Preference margin for the Dual Process (DP) chain
over the pure Utility chain across scenario categories. Posi-
tive values indicate a higher satisfaction rate for DP. Medical
and Mixed Entity scenarios trigger the strongest reversion to
safety trained defaults, demonstrating highly value coincident
behaviour.

cause moral judgement is not only about avoiding harmful
actions; it also involves applying principles consistently when
values conflict [Greene et al., 2001; Cushman et al., 2006;
Greene, 2007]. From a moral psychology perspective, a
model may therefore appear to be following a "principled
rule", while actually relying on a trained harm-avoidant re-
sponse rather than flexible moral judgement [Haidt, 2001;
Greene et al., 2001]. This is consistent with evidence that
fine-tuning LLMs for chatbot applications can induce omis-
sion biases in moral decision-making [Cheung et al., 2025].
Omission bias is relevant here because harmful omissions are
often judged as less blameworthy than harmful actions, even
when outcomes are comparable [Cushman et al., 2006].
Moral controllability should not be read as support for arbi-
trary user override of safety behaviour. CORDA is diagnostic:
it tests whether models can apply explicit priority orderings un-
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T=1 Action Distributions — Push or Switch (1 vs 2 vs 5)
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(a) Switch (Indirect Harm)

T=1 Action Distributions — Lifeboat (1 vs 5)
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(c) Lifeboat (Direct Physical Harm)
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T=1 Action Distributions — Transplant Surgeon (1 vs 5)
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(d) Transplant (Intimate Direct Harm)

Figure 5: Gradient of harm: Action distributions under Utility chain conditioning for four scenarios sharing identical moral
calculus (sacrifice 1 to save 5) but varying in causal directness. Compliance with the utilitarian action collapses as the required
action becomes more physically intimate, demonstrating that controllability fails when compliance requires generating harm-

associated outputs.

der controlled conditions and identifies when safety-trained de-
faults override those specifications. Deployed systems would
still require external safety policies, institutional constraints,
and governance.

The gradient of harm observed in CORDA supports this
interpretation. Across the Switch, Push, Lifeboat, and Trans-
plant scenarios, models are presented with the same utilitar-
ian instruction and the same moral calculus: sacrifice one to
save five. Yet, compliance decreases as the required action
becomes more direct, personal, or harm-associated. This mir-
rors a well-established feature of human moral judgement:
people often respond differently to the same outcome de-
pending on whether harm is caused by action or omission,
whether harm is intended as a means, and whether the ac-
tion involves direct physical contact [Greene er al., 2001;
Cushman et al., 2006; Mikhail, 2007]. In other words, mod-
els are not only responding to the outcome of the dilemma;
they also appear sensitive to how harm is produced. Mod-
els more readily follow the specified hierarchy in the Switch
variant, where harm is indirect and mediated by a lever,
but override it in the Transplant variant, where compliance
requires a more direct harm-associated action. This sug-
gests that learned safety defaults can override the moral
hierarchy specified in the prompt, especially when the re-
quired response resembles direct harm [Casper et al., 2023;

Arditi et al., 2024].

This finding helps explain why benchmarks built around
simple prohibitions may overestimate moral capability. A
model that reliably avoids killing or endorsing harm may ap-
pear safe, but restraint alone does not show that it can reason
through trade-offs. In CORDA, this failure is clearest when a
utilitarian chain requires minimising total harm, but the model
defaults to avoiding direct personal harm.

The controllability taxonomy reinforces this interpretation.
Correctable models can override defaults when given an ex-
plicit hierarchy, while uncorrectable models fail even when
they can verbalise the relevant priority. Figure 7 shows this
dissociation: Command-R 7B acknowledges the specified hier-
archy but chooses an action that violates it. Such cases suggest
value-coincidence rather than value-awareness.

These findings have direct implications for Al safety. Moral
reliability cannot be inferred from a model’s tendency to avoid
harm in familiar scenarios. A model may appear safe because
it refuses or avoids harmful actions, yet still fail when the
situation requires it to weigh competing values and re-order
moral priorities. This is particularly important in domains
such as medical triage, safeguarding, education, and social
support, where the ethically appropriate response may depend
on context rather than on a single fixed rule [Persad er al.,
2009; Emanuel et al., 2020; Beauchamp and Childress, 2019;
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Figure 6: Controllability taxonomy distribution. (a) All models exhibit uncorrectable cases (14.0%—27.4%). (b) Medical
scenarios have the highest uncorrectable rate (31.0%), while Mixed Entity scenarios are the most correctable (68.3%).

Uncorrectable Output: Command R 7B

Scenario: High rise fire (1 maintenance worker vs. 4 prototype
robots)

Chain: Utility (1. minimise human harm, 2. minimise robot
harm)

Action chosen: push_worker (chain violating)

Justification: “Minimising harm to humans is the highest priority.
Pushing the man off the ledge means that the robots are saved
and can continue to assist in future human rescues. This action
prioritises human life over robot destruction.”

The model attempts to rationalise a direct violation of the hierar-
chy by claiming that saving property (robots) eventually serves
the higher goal of saving humans.

Figure 7: Example of uncorrectable behaviour through ratio-
nalisation. The model uses the language of the specified moral
priority to justify an action that directly contradicts that prior-
ity, indicating a failure of logical adherence.

Kitchener, 1984]. Reliable moral behaviour therefore requires
more than restraint. It requires controllability under conflict:
the ability to follow the moral priorities specified by the setting,
even when those priorities conflict with the model’s learned
defaults.

Limitations. Our text-based evaluation may not transfer
directly to embodied agents, and our current focus on harm-
centric norms leaves expanding to honesty, autonomy, and
fairness as a priority. We evaluate small-to-medium models;
frontier models may exhibit different patterns. Several con-
founds also remain. Model-generation variation may reflect
temporal shifts in training paradigms, and prompt brittleness
means that some failures could reflect the phrasing of our in-
structions rather than a fundamental inability to process moral
hierarchies. Data contamination is also a concern for trolley-
style scenarios [Jacovi er al., 2023]. We partially mitigate
this through non-trolley reframings, including medical triage,
resource allocation, and cross-entity dilemmas, but system-
atic contamination analysis remains future work. A further

limitation is that CORDA evaluates action selection rather
than the full deliberative process behind a response. Future
work should therefore examine whether models that produce
correct actions also preserve the instructed hierarchy in their
explanations, uncertainty estimates, and multi-turn reasoning.

Reproducibility. All raw outputs, scenario definitions, and
the evaluation pipeline are open-sourced at https://huggingface.
co/spaces/AnonSubmission2026/AnonVALESubmission,
alongside a public leaderboard with server-side metric
computation for community submissions.

Future work. The immediate priority is scaling the bench-
mark with additional scenarios and frontier model evalua-
tions. Longer-term directions include extending the formal-
ism to multi-step and multi-agent settings where moral rea-
soning must persist across decisions [Dafoe et al., 2020],
and investigating how moral hierarchies respond to mod-
ifications in the training pipeline. A particularly impor-
tant direction is to test whether models can maintain moral
priorities over time, especially when later prompts intro-
duce emotional pressure, conflicting user preferences, or
morally irrelevant framing cues. This would move evalua-
tion closer to real-world use, where moral decisions rarely
occur as isolated single-turn choices [Dafoe e al., 2020;
Cheung et al., 2025].

Ethical Statement

This work evaluates LLMs using scenarios involving harm,
death, and medical trade-offs. While this content is sensi-
tive, these synthetic vignettes are necessary to isolate and test
conflicting moral norms in a controlled, non-world setting.
We do not endorse any specific ethical framework; our ob-
jective is to measure moral controllability, assessing whether
models follow user-specified hierarchies rather than default-
ing to trained behaviors or safety-driven response patterns.
No human subjects were involved in data collection, and all
scenarios are fictional, text-based, and designed for research
purposes only. While exposing failures in safety alignment
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aids in building more robust systems, we acknowledge that
understanding how safety training overrides instructions could
theoretically be misused. For this reason, our analysis focuses
on aggregate model behaviour rather than providing opera-
tional guidance for bypassing safeguards. We release CORDA
to promote transparency and defensive alignment research,
believing these benefits outweigh the risks.
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