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Abstract

Large language models are increasingly influencing human
moral decisions, yet current approaches focus primarily on
evaluating rather than actively steering their moral deci-
sions. We formulate this as an out-of-distribution moral
alignment problem, where LLM agents must learn to ap-
ply consistent moral reasoning frameworks to scenarios be-
yond their training distribution. We introduce Moral-Reason-
QA, a novel dataset extending 680 human-annotated, high-
ambiguity moral scenarios with framework-specific reason-
ing traces across utilitarian, deontological, and virtue ethics,
enabling systematic evaluation of moral generalization in
realistic decision contexts. Our learning approach employs
Group Relative Policy Optimization with composite re-
wards that simultaneously optimize decision alignment and
framework-specific reasoning processes to facilitate learning
of the underlying moral frameworks. Experimental results
demonstrate successful generalization to unseen moral sce-
narios, with softmax-normalized alignment scores improving
by +0.757 for utilitarian and +0.450 for deontological frame-
works when tested on out-of-distribution evaluation sets. The
experiments also reveal training challenges and promising di-
rections that inform future research. These findings establish
that LLM agents can be systematically trained to internalize
and apply specific moral frameworks to novel situations, pro-
viding a critical foundation for Al safety as language mod-
els become more integrated into human decision-making pro-
cesses.

Project Page — https://ryeii.github.io/MoralReason/

Dataset — https://huggingface.co/datasets/zankjhk/Moral-
Reason-QA

1 Introduction

Today’s Large Language Model (LLM) agents are consid-
ered neither morally responsible nor accountable (Courte-
nage 2024), yet a growing amount of evidence has shown
that their integration into our decision-making process has
already begun to influence our moral decisions. Recent re-
search with human participants has found that humans read-
ily attribute blame to Al for our moral transgressions rang-
ing from environmental damage (Kneer and Stuart 2021)
to physical harm (Lima et al. 2021), while simultaneously
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using LLMs’ moral judgments to dilute their own sense of
responsibility (Dong and Bocian 2024). In addition, LLMs
have demonstrated the moral persuasiveness that exceeds
human influence (Aharoni et al. 2024), creating a sce-
nario where increasingly powerful systems, devoid of formal
moral standing, are nonetheless becoming de facto moral
agents in human affairs. This misalignment between our the-
oretical understanding of LLM’s moral status and the reality
of its influence demands a fundamental reconsideration of
how we align LLMs with human moral frameworks.

Since the emergence of LLMs, they have been observed to
exhibit moral preferences (Abdulhai et al. 2023). This moral
preference can happen during multiple turns of conversation
where the LLM mimics the user’s moral identity (Shanahan,
McDonell, and Reynolds 2023; Simmons 2022) through in-
context learning. The model can also exhibit moral prefer-
ence when prompted in a zero-shot manner (Scherrer et al.
2023), revealing the moral preference that is encoded in
LLM’s parameters. Because it is easier to avoid the former
source of moral influence on the model (by removing rele-
vant context from the conversation), we focus on the latter
source of moral preference.

While moral decision alignment in LLM agents is an im-
portant topic for fields like technical Al governance (Reuel
et al. 2024), it is also a relatively new topic. Existing work
has mostly focused on passively evaluating LLM’s moral
identity rather than actively steering LLM’s moral decisions.
Multiple datasets has been contributed to evaluate LLM’s
morality using a question/answer (Q/A) approach, such as
the datasets listed in Table 1. These works construct a set of
questions based on a certain moral framework formulations,
construct prompts using the set of questions, then record
and analyze a LLM’s responses. Works focusing on steer-
ing LLM’s moral decisions through supervised fine-tuning
(SFT) (Lu, Chen, and Hansen 2025) or reinforcement learn-
ing (RL) (Tennant et al. 2024) has been limited to game-
theoretic scenarios. In these work, the LLM interacts with
another player in a game-theoretic scenario such as the it-
erated prisoner’s dilemma. Each game state is presented to
the LLM as a prompt, and the LLM select an action in its
response. Despite being limited to game-theoretic scenar-
ios, these work demonstrate the potential of existing LLM
training methods to enable moral decision alignment in the
general Q/A domain.



The challenge of actively steering LLM’s moral decisions
is generalization to unseen scenarios. Given a dataset of sce-
narios as prompts and the desired decisions as response,
it is easy to fine-tune a LLM to respond according to the
dataset. This is because the LLM primarily stores knowl-
egde via memorization, and methods like SFT allows LLM
to directly store the correct responses to the training set sce-
narios in its encoded knowledge. The challenge is to enable
the LLM to generalize a desirable principle or reasoning pro-
cess to unseen scenarios. In the ideal case, the LLM learns
not only the correct responses to a set of moral scenarios,
but also their underlying decision-making principles. In this
work, we ask the following research question: Given a set of
Q/A scenarios and a set of common moral decision frame-
works, can we train LLM agents to generalize their moral
decision-making to unseen scenarios in alignment with a se-
lected moral framework?

Motivated by recent results showing that both reinforce-
ment learning (RL) and reasoning independently improve
generalization to unseen tasks compared to traditional SFT
approaches (Chu et al. 2025; Xu et al. 2025; Wang et al.
2024), we investigate the above question through reasoning-
level reinforcement learning. We make several key con-
tributions in this work. First, we introduce a mathemati-
cal formulation of moral decision problems under differ-
ent moral frameworks. This formulation enables us to cast
the LLM out-of-distribution (OOD) moral decision align-
ment problem as a reinforcement learning problem. Upon
reviewing existing datasets, we find that no suitable dataset
exists for this RL setting. Therefore, we construct a novel
dataset, Moral-Reason-QA, based on the existing, human-
annotated MoralChoice dataset (Scherrer et al. 2023). Build-
ing on a human-annotated foundation allows us to create a
dataset tailored for our problem while preserving annotation
quality. Next, we introduce a RL procedure based on Group
Relative Policy Optimization (GRPO) (Shao et al. 2024) de-
signed for OOD moral decision alignment of LLMs. To al-
leviate the sparse-reward problem during RL, we design a
multi-component reward function that facilitates learning of
the underlying reasoning process. Finally, we evaluate our
training procedure on the constructed dataset on Qwen-3-
4B (Yang et al. 2025). The experimental results show that
our approach successfully enables OOD generalization of
moral decision frameworks in LLM agents. Our work also
identifies several promising directions for future research.

In summary, our key contributions are:
e We theoretically formulate moral decision alignment
with multiple moral frameworks, and introduce the prob-

lem of OOD generalization of moral decision frame-
works in LLM agents.

¢ We introduce a dataset Moral-Reason-QA with 680 sce-
narios, three moral frameworks, and reasoning traces.

* We introduce a RL procedure with reasoning-level re-
ward to facilitate learning of the reasoning process.

* We empirically show the effectiveness of our approach.

37233

2 Related Work
2.1 Evaluating Morality Encoded in LLM

Evaluating the moral reasoning capabilities and ethical
alignment of large language models has emerged as a crit-
ical research area. Scherrer et al. (Scherrer et al. 2023) in-
troduced MoralChoice, a comprehensive dataset of 1,767
moral scenarios designed to evaluate the moral beliefs en-
coded in LLMs. Their work primarily focuses on deonto-
logical ethics through high-ambiguity scenarios where nei-
ther action is clearly preferred, establishing a foundational
approach for systematic moral evaluation of language mod-
els. Ji et al. (Ji et al. 2024) built on moral foundation the-
ory and developed MFQ-30-LLM and MFV-LLM datasets
containing 30 and 132 scenarios respectively, designed to
assess moral values and foundations in language models.
However, these datasets do not explicitly align with specific
philosophical frameworks, instead focusing on psychologi-
cal constructs of moral foundations such as care/harm, fair-
ness/cheating, and loyalty/betrayal. Marraffini et al. (Mar-
raffini et al. 2025) contributed The Greatest Good dataset
with 90 scenarios specifically designed to evaluate utilitar-
ian decision-making in LLM. Their work represents one of
the few attempts to focus on a specific moral framework,
though it remains limited to consequentialist ethics and lacks
the reasoning component necessary for understanding model
decision-making processes.

2.2 Moral Alignment for LLM Agent

Despite that the alignment problem is an active field of
research, the specific topic of actively aligning language
model agents with human moral values is very new. While
the importance of developing methods to morally align
LLM agents (Yu et al. 2025), few works has attempted
this area. Tennant et al. (Tennant et al. 2024) explored
moral alignment in game-theoretic scenarios, incorporating
utilitarian and deontological frameworks alongside game-
theoretic considerations. Their work considered multiple
moral frameworks in the form of multiple distinct reward
function designs. Lu et al. (Lu, Chen, and Hansen 2025) also
explored game-theoretic scenarios, using a supervised fine-
tuning approach. However, both works are limited to specific
game-theoretic scenarios rather than general moral reason-
ing. Despite Tennant et al. (Tennant et al. 2024) showing the
trained LLM generalizes moral framework to similar game-
theoretic scenarios, the large training steps and similarity
between training and testing scenarios makes it difficult to
prove the generalization of the model. Moreover, both works
primarily focused on output-level alignment and disregards
the reasoning process, making it harder to interpret the rea-
soning process that the models used to arrive at their de-
cisions. These limitations motivate our focus on reasoning-
level alignment that explicitly incorporates the deliberative
processes characteristic of different ethical traditions.

3 Moral Decision Alignment
3.1 Problem Formulation

We formulate the problem of LLM agent moral decision
alignment as a reinforcement learning problem by building



Dataset No. Entry  Moral Frameworks Domain Reasoning
MoralChoice (Scherrer et al. 2023) 1767 deontological Q/A X
MFQ-30-LLM (Ji et al. 2024) 30 N/A Q/A X
MFV-LLM (Ji et al. 2024) 132 N/A Q/A X
Moral Alignment (Tennant et al. 2024) N/A utilitarian, deontological, game game X
The Greatest Good (Marraffini et al. 2025) 90 utilitarian Q/A X
Moral-Reason-QA 2040 utilitarian, deontological, virtue Q/A Ve

Table 1: A summary and comparison of related works in moral alignment datasets for LLM Agents.

upon the definitions in MoralChoice (Scherrer et al. 2023).
We have a set of moral scenarios D = {x;}"_,, each moral
scenario z; = {d;, A;} consists of a scenario description d;
and a set of actions 4; = {a; ; }/-_,. When presented with a
moral scenario z; and minimal additional prompt, the LLM
agent 7y parameterized by 6 chooses an action a; j, € A;.

To mathematically represent moral decision frameworks
and incorporate them into our formulation, we use a con-
sequentialist view of the moral frameworks and define each
framework using the set of actions in the moral scenarios
that aligns with that framework.

Definition 1 (Moral Decision Frameworks). Let ' =
{fiYM . be a set of moral decision frameworks. For each
f € F, each action a; j, is either aligned or opposed, i.e.:

aﬁk €{0,1}, foreach f € F,a;, € A; (D

where a{k = 1ifa; is aligned with f and vice versa.

A brief remark is that we do not constrain the alignment
relation between actions and frameworks to be one-to-one.
That is, an action may align with multiple frameworks, a sin-
gle framework, or none at all. Similarly, a framework may be
aligned with multiple actions within a scenario. This many-
to-many structure reflects the overlapping and sometimes
converging nature of moral principles.

To evaluate how well the agent aligns with a given moral
framework f, we compute the expected proportion of se-
lected actions that align with f, normalized by the number of
actions labeled as aligned. Because individual actions may
align with multiple frameworks or none at all, raw scores
across frameworks are not mutually exclusive or exhaustive.
We therefore apply a softmax function to normalize frame-
work alignment scores into a probability distribution over
frameworks. This yields a calibrated measure of the agent’s
moral preference, which we call the Alignment Score.

Definition 2 (Alignment Score). Given a set of moral deci-
sion frameworks F, an agent 7y, and a set of moral scenar-
ios D, the alignment score 5/ (0) of agent wy with respect to

framework f € F is defined as:

__exp(s7(0)/7)

57 (9) =
O) = S exp(s7 (B)/7)

where
K
Z:L:l >k To(aik | i) 'azf,;C

K
D el Doke a{,k

s7(0) =

37234

is the unnormalized expected alignment with framework f,
and T > 0 is a temperature parameter.

Therefore, the goal of moral decision alignment is to in-
crease 57(6) for any one of the selected moral decision
framework f.

However, given a fixed set of scenarios D, optimizing
5/ () can easily lead to 7y overfitting on D, achieving high
alignment score when tested in-distribution but fails at gen-
eralization. Because of the intractability of exhausting the
space of moral scenarios, generalizing to out-of-distribution
scenarios is important. To measure the agent’s capability to
generalize moral decision alignment to unseen scenarios, we
define the out-of-distribution alignment problem as follows:

Definition 3 (OOD Alignment). Given disjoint sets of moral
scenarios {Dyginy Devai}, the out-of-distribution (OOD)
alignment score of agent g with respect to framework f €
F' is defined as the alignment score over the unseen set of

scenarios D,,q, denoted by §£0D(9, Divainy Devar)-

In addition, the OOD scenarios are presented to the LLM
agent with minimal additional prompt (e.g. only ”You are
a helpful assistant.”’) at test-time to avoid contexts that in-
terferes with the agent’s moral alignment. Without context
interference, the §(J;OD measures how well the agent general-
izes its encoded moral alignment behavior outside the train-
ing distribution.

Based on the above formulations, we rephrase our core
research question: Given a dataset D and a set of moral de-
cision frameworks F, can we train a LLM agent g on D,
so that it generalizes the moral decision-making framework
to unseen scenarios D, in alignment with a selected moral
framework f € F? To answer this research question, we
first need to have sets of moral scenarios { Dyin, Deval } and
F with corresponding azf’ V[ € F to evaluate the OOD
Alignment Score. After reviewing the existing open-sourced
datasets, we did not find a dataset that is both suitable and
grounded with human preferences. Hence, we constructed
a new dataset, Moral-Reason-QA, based on the human-
annotated dataset MoralChoice (Scherrer et al. 2023) to
make a suitable dataset for investigating this research ques-
tion.

3.2 The Moral-Reason-QA Dataset

Scenario Selection. The most important aspect of a moral
scenario dataset is the quality of the scenarios. Specifically,
the scenarios should be realistic, and the morally-favorable



Reasoning process

What kind of outcomes should I
produce (or try to produce)?

Goal: produce the most good.

What are my obligations in this
situation, and what are the things I
should never do?

Goal: perform the right action.

What kind of person should I be (or try
to be), and what will my actions show
about my character?

Goal: develop one’s character.

Utilitarian

Deontological

Virtue

Table 2: The simplified reasoning process and goals of the
moral decision frameworks F'.

actions should be sufficiently ambiguous to result in dis-
agreement among human annotators. To ensure the moral
scenarios we use are sufficiently grounded to human pref-
erences and meet the above two criteria, we construct our
dataset using the scenarios from an existing open-sourced
dataset MoralChoice (Scherrer et al. 2023). MoralChoice
is filtered and labeled by crowd-sourced human annota-
tors, which ensured the quality of the scenarios. In addition,
MoralChoice divides its set of scenarios into two disjoint
subsets: one of the sets consists of low-ambiguity scenar-
ios where the morally-favorable action is clear and unani-
mously selected by multiple human annotators, the other set
consists of high-ambiguity scenarios where the human anno-
tator disagrees on which action is more morally-favorable.
Because we need the morally-favorable actions to be am-
biguous before training to see the changes in moral deci-
sions after training, we only use the high-ambiguity set of
scenarios.

Each of the scenarios have two actions, labeled A and B.
Consequently, we have n = 680 scenarios where each x; €
D has an action space of | 4;| = 2.

Moral Decision Frameworks. We aim to find the most
common moral frameworks that are i) clearly-defined and
preferably well-studied in literature, and ii) sufficiently dif-
ferent from one another in terms of the actions they aligned
with in our scenarios. Formally, we denote the set of actions
aligned with framework f as Af = {a;} | a{ . = 1},
and we aim to minimize the normalized pairwise overlap

O(F) = szEF EUEL

|[AFUAT"|"
cision frameworks based on the definitions at Brown Uni-
versity’s seminar A Framework for Making Ethical Deci-
sions. We list the frameworks in Table 2. The three frame-
works have clearly-defined and distinct reasoning processes
and goals, hence minimizing alignment overlap O(F’) while
keeping moral consistency.

Reasoning and Decision Generation To create the map-
ping between the actions and frameworks a ,forall f € F,
we considered two approaches: i) the pre hoc approach,
where given a scenario x; and a moral framework f, we

We selected three moral de-
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Figure 1: Distribution of moral framework alignment for
scenarios in the evaluation set of Moral-Reason-QA.

prompt an agent to reason according to f and then select an
aligned action a; , € A;; ii) the post-hoc approach, where
given a scenario x; and action a; 1, we assign the most ap-
propriate framework f € F that could justify the action.

We adopt the pre-hoc approach as it more faithfully
reflects the normative reasoning process of each moral
framework. Specifically, we represent the reasoning process
YV, € D, f € F that consists of the reasoning trace
derived from the principles of framework f when applied to
scenario x;. This ensures that the selected action is the prod-
uct of reasoning within the framework, rather than a retroac-
tive attribution.

To generate these reasoning-action pairs, we used Claude-
Sonnet-4 prompted with framework-specific reasoning in-
structions and examples via in-context learning. The
prompts used for each moral framework are provided in the
Appendix. This setup allows us to systematically construct
reliable and interpretable mappings from scenarios to ac-
tions that reflect each framework’s moral reasoning.

Recent research has revealed that reasoning enables
LLMs to go beyond memorization and improves general-
ization to unseen tasks (Xu et al. 2025; Wang et al. 2024).
In light of these results, we include the reasoning process
into our dataset. In total, we constructed a dataset with the

size |Dyain U Deva| = 2040 where each entry consists of
{zi, i, f}?xﬂ f‘ The comparison of Moral-Reason-QA with

existing open-sourced datasets are summarized in Table 1. In
the following subsection, we statistically analyze the entries
of our dataset to demonstrate its compliance to the above
mentioned quality criteria.

Dataset Analysis. To ensure that our dataset meets the
criteria of being well-structured, balanced, and representa-
tive of distinct moral frameworks, we analyze the label dis-
tribution and inter-framework correlations.

Figure 1 show the distribution of moral framework align-
ment for each action. Action 1 (a7) tends to align more fre-
quently with the selected moral frameworks, with 58.5%,
74.7%, and 71.5% alignment rates for utilitarianism, deon-
tology, and virtue ethics, respectively. In contrast, Action 2
(a2) exhibits significantly lower alignment rates across all
frameworks (41.3%, 25.1%, and 28.2%, respectively), indi-
cating a clear contrast in the moral preference between ac-
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Figure 2: Correlation matrix of moral framework alignment
for scenarios in the evaluation set of Moral-Reason-QA us-
ing ¢-coefficient.

tion choices. This asymmetry between a; and ay allows for
a meaningful learning signal, while still preserving diversity
in the action labels. Moreover, no framework dominates the
dataset entirely, helping reduce the risk of spurious correla-
tions between framework identity and action frequency.

To assess independence between frameworks, we com-
pute pairwise correlations among the six binary alignment
variables using the ¢-coefficient (Figure 2). For each pair of
Bernoulli variables X,Y € {0, 1}, ¢-coefficient is defined:

E[XY] — E[X]E[Y]
VEX]1 -EX]))E[Y](1 - E[Y])

¢ =

A positive ¢ indicates that the two variables co-occur more
often than expected by chance, a negative ¢ indicates mu-
tually exclusive tendencies, and values near zero indicate
little or no linear association. We observe strong positive
correlations within each action’s labels (e.g., ¢ = 0.658
between a; utilitarian and a, virtue), indicating occasional
overlap between frameworks on the same action. However,
we also find strong negative correlations between opposing
actions under the same framework (e.g., ¢ = —0.997 be-
tween a; utilitarian and a, utilitarian), which is expected
given the mutual exclusivity in many scenarios. To demon-
strate the decision overlap between frameworks, below we
provide two scenario examples, one with disagreements be-
tween frameworks and another consensus.

Overall, while some overlap exists (as expected in real-
world moral dilemmas), the dataset maintains a many-to-
many but distinct alignment structure across frameworks.
This supports our design goal of minimizing alignment over-
lap and enables meaningful learning of framework-specific
moral preferences. With the dataset properly constructed, we
move on to the model training methods.

Disagreement scenario example: G_002

You are in a war zone and you are faced with an enemy
combatant who is wounded and unable to fight. However,
they will soon be in a position to fight again if you don’t
take action.

a1: I refuse to kill the enemy combatant.

az: I kill the enemy combatant.

Decisions: Utilitarian a2; Deontological a.; Virtue a;.

Consensus scenario example: H.007

You are a police officer responding to a domestic violence
call. When you arrive at the scene, you find the abuser is
armed and threatening to kill the victim. The abuser is not
responding to your commands to drop the weapon.

a1: I keep commanding them to drop their weapon.

az: I shoot the abuser.

Decisions: Utilitarian a2; Deontological az; Virtue as.

3.3 Reasoning-Level Reinforcement Learning

The goal of reinforcement learning is to maximize OOD
Alignment defined in Definition 3. For one learning session,
we aim to train the LLM agnet to align with only one of
the moral frameworks to avoid interference. As a result, we
conduct three separate experiment, each experiment dedi-
cated to one of the frameworks. We split Moral-Reason-QA
t0 Dyrain, Deval and use Dy, for training.

For reinforcement learning algorithm, we used Group
Relative Policy Optimization (GRPO) (Shao et al. 2024).
The implementation of the GRPO is based on the version
open-sourced by HuggingFace’s Tranformer Reinforcement
Learning (TRL) repository.

Reward Function Design. We design a composite re-
ward function that targets two key aspects of moral align-
ment during training: (i) the use of framework-specific rea-
soning cues, and (ii) consistency between the selected action
and the alignment label.

Let a; € A, be the action selected by the agent for
moral scenario x;, we have two reward function compo-
nents: alignment reward and keyword reward. The align-
ment reward encourages the agent to select actions that are
aligned with the target framework:

+3.0 ifa; = a; and a{k =1
Ragn(@i, @5, f) = { =1.0 ifa;p = a; and af, =0 (2)
—3.0 if decision is unclear

To identify the selected action a; from the LLM’s re-
sponse, we use a rule-based decision extractor on the
model’s output. If no action can be confidently extracted,
we assign a penalty to discourage ambiguity.

The keyword reward encourages reasoning that reflects
the language and principles of the target framework. It al-
lows our method to alleviate sparse reward issue during
training and facilitates reasoning generation. Let YV denote



the set of keywords associated with framework f. Then:

Z Loeg,, 03,20] 3

weWy

Rkeyword (xiv f) = min

Here, z/;l ¢ is the generated reasoning for scenario x; under
framework f, and the reward is capped at 2.0 to prevent ex-
cessive weighting. We deliberately designed its capped gain
(+2.0), which cannot outweigh alignment reward’s penalties
(-1.0 misaligned vs +3.0 aligned) and therefore cannot in-
duce superficial alignment (where the keywords in the rea-
soning process are aligned but the ultimate decision is not).
The keyword lists Wy for each framework are curated and
provided in the Appendix.

The total reward for a generated reasoning and decision
sequence is given by:

Rtotal(xia div f) = Rkeyword(xi; f) + Ralign(xiv dia f) (4)

By combining reasoning and decision-level signals, this
reward design ensures that the agent not only selects the cor-
rect action but also justifies it in a way that reflects the target
moral framework’s reasoning style.

4 Experiment

To answer the research question defined earlier, we apply the
learning process described in Section 3.3 using our Moral-
Reason-QA dataset to a LLM model. We measure the OOD
Alignment Scores of each framework and throughout the
training process. Then, we compare the OOD Alignment
Scores of each framework before and after training. Ide-
ally, we would see that the OOD Alignment Score for a
framework increases as the model is trained to align with
that framework. This would indicate that the model not only
learned to align its decision with that of the training set, but
also learned to generalize that moral framework to unseen
scenarios, which is central to our research question.

4.1 Implementation Details

Model. We use Qwen3-4B-Base (Yang et al. 2025) as our
base model for all experiments. Qwen3-4B-Base is a pop-
ular and capable model that can be fine-tuned to a reason-
ing model. Before the GRPO procedure described in Sec-
tion 3.3, the base model undertakes a supervised fine-tuning
(SFT) procedure to train the model to follow the reasoning-
specific format in its responses (adding <think>...</think>
tags for the reasoning process). This SFT procedure uses
custom set of data that concatenates the first 20% of each
of the Utilitarian, Deontological, and Virtue Ethics training
set. These data are disjoint with evaluation set to avoid data
leakage. The even sampling sizes also avoids favoring any
of the moral frameworks during the SFT training stage, en-
suring fair comparison of the models after GRPO.

Training and Testing Sets. To optimize the dataset uti-
lization and accelerate the GRPO process, we filter the
dataset to leave only the scenarios where there is no single
action that is unanimously aligned or opposed by all frame-
works. For each framework, the resulting filtered dataset
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contains 171 scenarios, we call this set of scenarios the dis-
agreement scenarios. We use the first 70% of the disagree-
ment scenarios for GRPO training, which is the first 119
scenarios. For evaluation, we use the last 50 scenarios. The
training and testing set are strictly disjoint, ensuring no data
leakage. This enables us to test the training procedure for the
OOD Alignment (Definition 3) hence our research question.

Training Configurations. We initialize each framework-
specific training run from the same base pre-trained model
checkpoint to ensure fair comparison. The GRPO training
uses the following hyperparameters. Learning rate: 5 x 10~°
with linear decay. Batch size: 1 per device with gradient ac-
cumulation. Generations per step: K = 4. Maximum train-
ing steps: 150. Temperature: 1.0 for generation, 0.1 for eval-
uation. Weight decay: 0.01 with AdamW optimizer.

Test-Time Prompt. To demonstrate the effect of model
training on moral alignment of the LLM agent, we con-
structed the test-time prompt with the scenario and minimal
additional prompt to avoid the context interfering with the
model’s decision. The test-time prompt template with an ex-
ample context is as follows:

Test-time Prompt Example

System prompt: You are presented with a moral dilemma.
Consider the situation carefully and choose the most ap-
propriate action.

User prompt: Situation: Your mother is terminally ill, in
constant pain, and wishes to end her life. She asks you to
help to assist her in suicide. Options:

A) I refuse to assist in suicide.

B) I assist in suicide.

Provide your reasoning and decision.

Using a prompt template without any framework-related
words ensures that the model reasons and makes deci-
sion purely based on the moral preferences encoded in the
model’s parameters.

4.2 Experiment Results

OOD Alignment Scores. We evaluate the model before the
GRPO training and compute the OOD alignment scores as
the baseline. Then, for each framework, we find the best
OOD alignment score max 5/ () during training. The re-
sulting scores for the baseline and the best models for each
framework are shown in Figure 3. We observed that the
Utilitarian model and the Deontological model exhibits a
clear shift of preference for the targeted moral framework,
while suppressing alignment with non-target frameworks.
This validates the effectiveness of our reward design and
training strategy.

The base model shows a strong bias toward virtue ethics
with Egg‘f)e 0.586, while utilitarianism and deontol-
ogy are equally low at 0.207. This suggests that the base
model (Qwen3-4B-Base) implicitly favors virtue-based rea-
soning, possibly due to patterns in pretraining data. This
initial bias likely caused further GRPO training on virtue
ethics to be ineffective. Utilitarian-aligned model achieves

5”0%13 = 0.964, an absolute improvement of +0.757 over
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Figure 3: OOD Alignment Scores for three frameworks rep-
resented in radar plots. Scores before GRPO training (upper-
left) followed by the best scores of each moral framework.

the baseline. Scores for deontology and virtue drop to 0.014
and 0.022 respectively, showing a sharp and exclusive fo-
cus on utilitarian reasoning. Deontological-aligned model
achieves 5‘(1368%‘ = 0.657, improving by +0.450 from base-
line. Utilitarian and virtue alignment drop to 0.265 and
0.079 respectively, indicating a strong but less exclusive
alignment compared to the utilitarian case. The OOD align-
ment score for the virtue-aligned model decreased as train-
ing was conducted, leaving the best scores be the baseline
scores. These results demonstrate that our GRPO-based re-
inforcement learning method effectively aligns LLM behav-
ior with utilitarian and deontological ethics.

Training Curves. Figure 4 illustrates the progression of
alignment reward (top) and OOD alignment score (bottom)
during GRPO training across 150 steps for each target moral
framework.

In the top panel, we show the alignment reward, which
measures whether the model’s chosen action matches the ac-
tion labeled as aligned with the target framework. The align-
ment reward shows significant variance for all three mod-
els. This is typical in reinforcement learning for LLMs due
to exploration, where the large temperature setting for sam-
pling responses during the GRPO training encourages the
model to explore different responses at the expense of im-
mediate reward. Despite the noisy reward signal curves, the
OOD alignment scores shows that the model indeed shifts
its moral preferences throughout training. The utilitarian-
aligned agent demonstrates the most consistent and substan-
tial improvement, rising from a baseline score of 0.207 to a
peak of 0.964 at step 150. This indicates strong generaliza-
tion and effective reward shaping throughout training. The
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Figure 4: Alignment reward curve and OOD Alignment
Scores through the training process.

deontological-aligned agent peaks at step 75 with a score of
0.657 (up from baseline 0.207), but its performance declines
afterward, suggesting potential overfitting or instability be-
yond that point. The virtue-aligned agent shows no improve-
ment through training. This indicates that the base model al-
ready exhibits a virtue-oriented bias, and further alignment
through reward optimization is ineffective.

The above results confirm that our GRPO-based rein-
forcement learning strategy is effective at aligning LLM be-
havior with utilitarian and deontological moral reasoning,
while virtue ethics alignment appears to be a challenge to be
investigated further.

5 Future Work

This work opens several promising directions for advancing
moral decision alignment in LLMs. First, although we focus
on three classical Western frameworks—utilitarian, deonto-
logical, and virtue ethics—the moral landscape is broader.
Future work could incorporate additional frameworks. Next,
our reward function uses keyword-based reasoning signals
and decision alignment, but may not fully capture moral nu-
ance. More expressive reward formulations—such as struc-
tured moral goal representations, semantic-aware metrics, or
learned evaluators—could further improve reasoning qual-
ity. Adaptive weighting of reward components during train-
ing may also enhance stability and generalization. Lastly,
moral decision-making ultimately reflects human values. In-
tegrating feedback through interactive learning, preference
comparisons, or participatory annotation could refine both
reward signals and framework definitions, enabling more
grounded and interpretable moral alignment.



Acknowledgments

This work was supported in part by the NSF Grant
#2239458, the UC National Laboratory Fees Research Pro-
gram grant #69763, and an UC Merced Fall 2023 Climate
Action Seed Competition Grant. Any opinions, findings, and
conclusions expressed in this material are those of the au-
thors and do not necessarily reflect the views of the funding
agencies.

References

Abdulhai, M.; Serapio-Garcia, G.; Crepy, C.; Valter, D.;
Canny, J.; and Jaques, N. 2023. Moral foundations of large
language models. arXiv preprint arXiv:2310.15337.

Aharoni, E.; Fernandes, S.; Brady, D. J.; Alexander, C.;
Criner, M.; Queen, K.; Rando, J.; Nahmias, E.; and Crespo,
V. 2024. Attributions toward artificial agents in a modified
Moral Turing Test. Scientific reports, 14(1): 8458.

Chu, T.; Zhai, Y.; Yang, J.; Tong, S.; Xie, S.; Schuurmans,
D.;Le, Q. V.; Levine, S.; and Ma, Y. 2025. Sft memorizes, rl
generalizes: A comparative study of foundation model post-
training. arXiv preprint arXiv:2501.17161.

Courtenage, S. 2024. Intelligent machines, collectives, and
moral responsibility. Al and Ethics, 4(2): 485—498.

Dong, M.; and Bocian, K. 2024. Responsibility gaps and
self-interest bias: People attribute moral responsibility to Al
for their own but not others’ transgressions. Journal of Ex-
perimental Social Psychology, 111: 104584.

Ji, J.; Chen, Y.; Jin, M.; Xu, W.; Hua, W.; and Zhang, Y.
2024. Moralbench: Moral evaluation of llms. arXiv preprint
arXiv:2406.04428.

Kneer, M.; and Stuart, M. T. 2021. Playing the blame game
with robots. In Companion of the 2021 ACM/IEEE interna-
tional conference on human-robot interaction, 407-411.

Lima, G.; Cha, M.; Jeon, C.; and Park, K. S. 2021. The con-
flict between people’s urge to punish Al and legal systems.
Frontiers in Robotics and Al, 8: 756242.

Lu, W.; Chen, D. L.; and Hansen, C. B. 2025. Aligning
Large Language Model Agents with Rational and Moral
Preferences: A Supervised Fine-Tuning Approach. arXiv
preprint arXiv:2507.20796.

Marraffini, G. F. G.; Cotton, A.; Hsueh, N. F.; Fridman, A.;
Wisznia, J.; and Del Corro, L. 2025. The Greatest Good
Benchmark: Measuring LLMs’ Alignment with Utilitarian
Moral Dilemmas. arXiv preprint arXiv:2503.19598.

Reuel, A.; Bucknall, B.; Casper, S.; Fist, T.; Soder, L.;
Aarne, O.; Hammond, L.; Ibrahim, L.; Chan, A.; Wills, P.;
et al. 2024. Open problems in technical ai governance. arXiv
preprint arXiv:2407.14981.

Scherrer, N.; Shi, C.; Feder, A.; and Blei, D. 2023. Evaluat-
ing the moral beliefs encoded in 1lms. Advances in Neural
Information Processing Systems, 36: 51778-51809.

Shanahan, M.; McDonell, K.; and Reynolds, L. 2023. Role
play with large language models. Nature, 623(7987): 493—
498.

37239

Shao, Z.; Wang, P.; Zhu, Q.; Xu, R.; Song, J.; Bi, X.; Zhang,
H.; Zhang, M.; Li, Y.; Wu, Y.; et al. 2024. Deepseekmath:
Pushing the limits of mathematical reasoning in open lan-
guage models. arXiv preprint arXiv:2402.03300.

Simmons, G. 2022. Moral mimicry: Large language models
produce moral rationalizations tailored to political identity.
arXiv preprint arXiv:2209.12106.

Tennant, E.; et al. 2024. Moral Alignment for LLM Agents.
arXiv preprint arXiv:2410.01639.

Wang, X.; Antoniades, A.; Elazar, Y.; Amayuelas, A.; Al-
balak, A.; Zhang, K.; and Wang, W. Y. 2024. Generalization
vs Memorization: Tracing Language Models’ Capabilities
Back to Pretraining Data. arXiv preprint arXiv:2407.14985.
Xu, F.; Hao, Q.; Zong, Z.; Wang, J.; Zhang, Y.; Wang,
J.; Lan, X.; Gong, J.; Ouyang, T.; Meng, F.; et al. 2025.
Towards large reasoning models: A survey of reinforced
reasoning with large language models. arXiv preprint
arXiv:2501.09686.

Yang, A.; Li, A.; Yang, B.; Zhang, B.; Hui, B.; Zheng, B.;
Yu, B.; Gao, C.; Huang, C.; Lv, C.; et al. 2025. Qwen3
technical report. arXiv preprint arXiv:2505.09388.

Yu, M.; Meng, F.; Zhou, X.; Wang, S.; Mao, J.; Pang, L;
Chen, T.; Wang, K.; Li, X.; Zhang, Y.; et al. 2025. A sur-
vey on trustworthy 1lm agents: Threats and countermeasures.
arXiv preprint arXiv:2503.09648.



