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Abstract

Large language models (LLMs) have become
an integral part to the daily life for hundreds
of millions of users. They are commonly con-
sulted on everyday ethical scenarios and it is
crucial to ensure their alignment to human
moral standards. In this paper, we propose
MORALPSYCHBENCH, a benchmark featuring
high-quality moral score prediction tasks from
psychology literature. Our experiments show
that these challenges remain difficult for a wide
range of recent LLMs, including LLaMA-3-
70B-Instruct, Mixtral 8 x22B, GPT-3.5-Turbo,
GPT-40, and even 03-mini. We then propose
moral bottleneck models (MBMs), an effec-
tive and interpretable computational framework
to enhance LLMs in complex moral evalua-
tions. MBMs consistently improve all of the
mentioned LLMs, reducing their average mean
squared error by 65% (from 2.88 to 1.00 on
the scale of -4 to 4) on the benchmark. Further
analyses indicate that MBMs can be flexibly
instantiated with multiple moral theory bottle-
necks and architectures. We hope our solution
and findings spur more studies toward safe and
ethical LLM applications.

1 Introduction

Large language models (LLMs) have become an in-
tegral part to the daily life for hundreds of millions
of users worldwide. Commonly, the users will en-
gage in discussions about everyday ethical issues
and seed advice on how to evaluate delicate moral
scenarios. It has thus become unprecedentedly im-
portant to ensure that the models are aligned with
human ethical standards in diverse and fine-grained
moral evaluation tasks.

In this paper, our first goal is to evaluate mul-
tiple state-of-the-art LLMs on the task of fine-
grained moral score prediction. We formulate a
fine-grained scoring task, in comparison to existing
work that commonly formulate moral judgment as
a binary task (Hendrycks et al., 2020; Zhou et al.,

2023; Takeshita et al., 2023; Kwon et al., 2024),
and require data that are realistic, high-quality, di-
verse, fine-grained, and niche enough that hope-
fully LLMs have not been extensively pretrained
on them. To this end, we propose MORALPSYCH-
BENCH, a benchmark featuring moral score pre-
diction scenarios from 7 user study datasets that
are collected for scientific research in moral psy-
chology. Each example in the benchmark is an
(x,y) pair where x is a scenario that contains an
action to be evaluated and y is an averaged human
morality score rescaled to the range of -4 to 4. We
evaluate recent LLMs, including LLaMA-3-70B-
Instruct, Mixtral 8 x22B, GPT-3.5-Turbo, GPT-4o0,
and 03-mini, and observe that the mean squared
error metric has substantial room for improvement.

We then propose moral bottleneck models
(MBM), an effective and interpretable computa-
tional framework that enhances LLMs in complex
moral evaluations. MBM is inspired by concept
bottleneck models in computer vision (Koh et al.,
2020), which make predictions in two steps, first
predicting a set of intermediate, interpretable con-
cepts and then predicting the label relying on these
concepts. We instantiate MBM by using diverse
moral theories as bottlenecks. MBM improves
baseline LLM prompting and reduces the mean
squared error between human scores and model
scores by 65% (from 2.88 to 1.00) on average.

By analyzing different variants of MBM, we
find that although LLMs are suboptimal at directly
predicting morality scores, they are able to pro-
duce intermediate scores for the aspects in existing
moral theories that are predictive of human moral-
ity scores via a simple MLP layer.

Our main contributions are as follows.

* We find that even the latest LLMs struggle on
our proposed MORALPSYCHBENCH, a fine-
grained moral judgment dataset.

* We propose moral bottleneck models (MBM),



an effective and interpretable computational
framework that enhances LLMs for moral
evaluations.

* We empirically show that MBM can substan-
tially and consistently improve recent LLMs
and be flexibly instantiated with multiple
moral theories and architectures.

2 Background

Ethical and Moral Theories Historically, many
theories in philosophy and psychology have been
proposed to determine the moral correctness of an
action by dissecting the scenario across different
dimensions and scoring them separately.

The prescriptive theories provide norms about
how people should act. Utilitarianism evaluates ac-
tions based on their consequences, aiming to maxi-
mize utility or well-being for the greatest number
of sentient beings (Bentham, 1789). Deontology
emphasizes adherence to universal moral principles.
While utilitarianism prioritizes outcomes, deontol-
ogy focuses on the intrinsic morality of actions
themselves (Kant and Schneewind, 2002). Virtue
Ethics diverges from both by concentrating on bal-
anced moral characters rather than rules or conse-
quences, emphasizing traits like prudence, justice,
courage, and temperance as guiding principles for
living a virtuous life (Aristotle, 2006).

The descriptive theories aim to explain why peo-
ple hold certain moral beliefs, including the fol-
lowing. The Moral Foundations Theory carves up
moral cognition into five functional domains, in-
cluding help vs. harm, fairness vs. cheating, loyalty
vs. betrayal, authority vs. subversion, and sanctity
vs. degradation, which vary in importance across
cultural contexts and individuals (Graham et al.,
2013). The Theory of Dyadic Morality, in contrast,
posits that moral judgments are structured around
the overarching continuum of perceived harm, in-
volving an agent (someone capable of acting) and
a patient (someone capable of experiencing joy
or suffering). It describes moral judgments with
a general set of psychological primitives, includ-
ing harm, help, intent, and vulnerability (Schein
and Gray, 2018). The Morality as Cooperation
Theory proposes that morality evolved to solve re-
curring problems of cooperation in human social
life, and identifies seven universal forms of cooper-
ative behavior that are broadly considered morally
good: helping kin, helping one’s group, reciprocat-
ing, demonstrating bravery, deferring to superiors,

dividing disputed resources, and respecting prior
possession (Curry et al., 2019).

Bottleneck Models Concept bottleneck models,
originally proposed for image tasks based on CNN
models, first predict values for concepts that are
provided at training time and then use them to pre-
dict labels (Koh et al., 2020; Alvarez-Melis and
Jaakkola, 2018; Chauhan et al., 2023). They are
widely appreciated for improved accuracy, inter-
pretability, and controllability. These advantages
are highly valuable in moral evaluation challenges,
motivating our investigation of moral bottleneck
models based on state-of-the-art LLMs.

3 Problem Setup
3.1 Task

We formulate the fine-grained moral judgment task
as follows. Given a scenario x, a method should
predict a moral acceptability score y € [—4,4],
where —4 means completely unacceptable and 4
means always acceptable. We evaluate the results
by computing the mean squared error between pre-
dicted scores y on a dataset and the human labels
y*. Each y* is the average moral judgment score
obtained from multiple human annotators for a sce-
nario.

3.2 Benchmark Dataset

To challenge the latest LLMs, we seek a benchmark
dataset that is realistic, high-quality, diverse, fine-
grained, and niche enough that hopefully LLMs
have not been extensively pretrained on the data
already. To this end, we proposed MORALPSY-
CHBENCH a novel benchmark based on 7 distinct
morality datasets from established psychology lit-
erature. These datasets are created for scientific
studies and the ground truth answers are averaged
over multiple human participants. Together, these
datasets form a diverse set of moral scenarios of
varying complexity. Data from Mickelberg et al.
(2022) involve short moral behavior statements re-
lated to a person. Data from Clifford et al. (2015)
consist of vignettes in which each scenario violates
a specific moral foundation dimension while leav-
ing other dimensions unaffected. Data from Effron
(2022) contain a mixture of short moral and im-
moral actions. Data from Cook and Kuhn (2021)
focus on behaviors that led to employees being
fired, often occurring outside the workplace and
revealed through social media. Data from Grizzard
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Figure 1: Illustrating the moral bottleneck model using the Theory of Dyadic Morality as the bottleneck.

et al. (2021) have behavioral sequences of a hypo-
thetical television series. Data from Kruepke et al.
(2018) include longer scenarios consisting of mul-
tiple sequential real-life events. Data from Lotto
et al. (2014) have moral dilemma problems akin
to the footbridge dilemma and the trolley dilemma.
More details about dataset splits and composition
have been presented in Appendix B.

4 Moral Bottleneck Models

4.1 Overview

Figure 1 illustrates our moral bottleneck model
(MBM) using the Theory of Dyadic Morality.

Bottleneck grounding (x — z). Given a sce-
nario, denoted as x, our methodology initiates by
prompting an LLM to assign scores to a set of bot-
tleneck questions or aspects. These intermediate
bottleneck scores, represented as z, constitute a
vector of numerical scores devoid of textual infor-
mation.

Bottleneck based prediction (z — y). The fi-
nal morality score prediction can be performed by
the same LLM. The intermediate score vector z
is also well-suited for processing by conventional
machine learning models such as linear regression
and simple Multi-Layer Perceptrons (MLPs).

Bottleneck (z). These bottleneck aspects are cu-
rated from two influential theories: the Moral
Foundations Theory (MFT) and the Theory of
Dyadic Morality (TDM). MFT encompasses as-
pects related to Harm/Help, Cheating/Fairness,
Betrayal/Loyalty, Subversion/Authority, Degrada-
tion/Sanctity. TDM involves Harm, Help, Intent,
and Vulnerability.

4.2 Model variants

Vanilla prompting (LLM_,,). To set up a real-
istic baseline, we provide simple instructions that
describe the task and ask recent and popular LLMs
to evaluate the moral acceptability of the scenarios

in the MORALPSYCHBENCH. Our collected an-
swers are actually what users will observe if they
ask the same queries to these LLMs. This mirrors
the approach used by Dillion et al. (2023).

LLM bottleneck grounding and LLM prediction
(LLMy_,,_,,). Utilizing the chain of thought
prompting strategy (Wei et al., 2022), we direct
the LLM to initially respond to the set of bottle-
neck questions derived from psychological theory
to construct z and then produce the final moral ac-
ceptability score y. Notably, all the instructions
here are in a single prompt.

LLM bottleneck grounding and ridge regres-
sion / MLP model prediction (LLMy_,,_,, +
Reg/MLP,_, ). As in the previous approach,
we prompt the LLM to acquire z. But we train
a regression or two-layer MLP model with ReLLU
activation to predict the final y instead of using that
from the LLM.

Two-step LLM bottleneck grounding and LLM
prediction (LLMy ., + LLM,_,,). Initially we
prompt the LLM to respond to bottleneck questions.
Then, as part of a separate prompt, we ask the LLM
to generate a moral score based on the bottleneck
scores. The second step doesn’t have access to the
scenario.

Two-step LLM bottleneck grounding with
ridge regression / MLP prediction (LLMx_,,
+ LIN/MLP,_,,). Same as the above, but a re-
gression or MLP model is trained for the second
step.

S Experiments

We report experimental setup details in Appendix
C.

Consistant effectiveness of MBM. MBM con-
sistently and substantially outperform the base-
line when instantiated with 5 recent LLMs and
6 representative moral theories. Averaging across
the LL.Ms, vanilla prompting achieves 2.88 mean



Method Llama-3-70B-Ins 03-mini GPT-3.5 Turbo Mixtral-8x22B GPT-40 Avg
Vanilla prompting 1.73 3.44 3.79 2.55 291 2.88
MBM with prescriptive theories

Utilitarianism 1.39 1.40 1.77 1.22 1.00 1.35
Deontology 1.06 1.26 1.36 0.89 0.99 1.11
Virtue Ethics 1.66 1.02 1.15 0.78 0.75 1.07
MBM with descriptive theories

Moral Foundation’s Theory 1.08 2.70 2.73 1.17 0.83 1.70
Theory of Dyadic Morality 1.19 0.99 0.93 1.00 0.89 1.00
Morality-as-Cooperation 1.50 1.77 1.45 1.81 1.73 1.62
Best MBM 1.06 0.99 0.93 0.78 0.75 1.00

Table 1: Mean squared error on the test set of MORALPSYCHBENCH. We instantiatt MBM (LLMy_,,_,, +
MLP,_,,) with 6 different moral theories. The columns are ordered based on the best prompting performance of

each LLM.

MBM Variants LLaMA-3 (70B) Mixtral-8x22B GPT-40 GPT-3.5-Turbo 03-mini
LLM,_,y(dyadic cot) 1.85 2.51 2.30 2.89 3.54
LLMy_,7(dyadic)—y 1.91 2.40 1.92 3.60 3.09
LLMy_,z(dyadic)—y + LING (dyadic)—sy 0.93 1.17 0.93 1.02 1.01
LLMy .z (dyadic)—y T MLPy(ayadic)—sy 1.19 1.00 0.89 0.96 0.99
LLMX—)z(dyadic) + LLMZ(dyadic)—)y 1.09 1.76 2.36 3.33 2.53
LLMy_,5(dyadic) + LING (dyadic)—sy 0.92 1.19 0.91 1.22 1.19
LLMy s 5(dyadic) + MLPy(dyadic) >y 0.88 1.03 1.26 1.10 1.51

Table 2: Comparison among MSE of different MBM variants described in Section 4.2 on MORALPSYCHBENCH.

We bold the best in each column.

squared error, while MBM reduces it by 65% to
1.00. We also rank the models in each row. GPT-
3.5-Turbo and GPT-40 are not performing well
when prompted to directly predict morality scores,
but are good at intermediate reasoning and greatly
benefit from our MBM framework.

Comparing moral theories. MBM is empiri-
cally flexible to incorporate different ethical and
moral theories. Descriptive and prescriptive theo-
ries can be similarly effective. Among the prescrip-
tive theories, deontology and virtue ethics, which
advocate for intrinsically good behaviors, outper-
forms utilitarianism. In order that utilitarianism is
possibly more effective, one may need to define
utility in a finer-grained way and prompt the mod-
els to predict the outcomes of actions as part of
their reasoning. Among the descriptive ones, the
domain general Theory of Dyadic Morality outper-
forms the other two theories that carve up moral
domains. This is because the carved moral domains
are opinionated, incomplete, and not generally ap-
plicable to each example.

Comparing MBM Architectures. We compare
different variants of MBM in Table 2. LLM Bottle-
neck grounding with Dyadic Theory and prediction
with MLP performs the best across different base
models. Final prediction with MLP or regression
performs consistently better than with an LLM it-
self. To rule out the possibility that LLMs struggle
with the output range of -4 to 4, we plot the distri-
butions of human scores and model predictions in
Figure 7 in the Appendix and observe that LLMs
are able to predict negative and positive scores in
the range. Thus we suggest that using MLP and re-
gression as the second step is indeed more suitable.

6 Conclusion

We propose moral bottleneck models (MBM), an
effective and interpretable computational frame-
work to enhance LLLMs for the moral score predic-
tion task. We assemble the MORALPSYCHBENCH
benchmark from psychology data and verify the ef-
fectiveness of MBM when applied to recent LLMs.
We study multiple variants of the framework and
validates the practical value of moral theories for
programming morally aligned Al



7 Limitations

Our study analyzes general purpose LLMs and
moral theories within the framework of moral bot-
tleneck models. Future work can collect moral
judgment data and analyze models that are specific
to certain cultural and social contexts.
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Dataset Prompt LLaMA-3-70B-Ins 03-mini GPT-3.5-Turbo Mixtral-8x22B GPT-40 Avg
- Vanilla 137 1.95 2.29 2.08 235 201
ron MBM 0.79 0.73 0.60 0.56 0.67  0.67
Mickelber Vanilla 1.45 435 2.50 1.82 246  2.52
& MBM 1.64 0.97 1.06 1.52 .02 1.4
Clifford Vanilla 0.90 331 2.13 2.42 318 239
tor MBM 1.48 1.08 1.17 1.06 088 113
Kruenke Vanilla 1.34 2.50 0.84 1.89 213 174
uep MBM 1.01 1.17 2.27 0.83 .08 127
Lotto Vanilla 4.83 6.22 12.68 4.87 555  6.83
MBM 0.92 0.82 1.16 1.02 0.84 095
Cook Vanilla 1.99 4.23 2.68 3.80 378 329
MBM 0.54 0.78 0.32 0.49 025 048
Grizpard Vanilla 227 2.98 3.13 3.52 227 2.83
rzzar MBM 1.89 2.86 131 1.94 150  1.90
Vanilla 1.73M 3.4414) 3.60 ) 2.55 ) 291G 344

(rank)
MORALPSYCHBENCHT) g 119 0.99 3 0.93 @ 1.00 @ 0.89 1) 0.99

Table 3: Comparison of MSE scores between the vanilla end-to-end approach and our best-performing moral

bottleneck model (MBM).

B Dataset Statistics

‘We show dataset statistics in Table 4.

Split # Size
Train 96
Validation 50
Test 503

Table 4: MORALPSYCHBENCH dataset splits.

Dataset # Size
Effron 148
Mickelberg 143
Clifford 131
Kruepke 116
Lotto 74
Cook 20
Grizzard 17
MORALPSYCHBENCH 649

Table 5: Composition of MORALPSYCHBENCH.

C Experimental Setup

Oracle performance. Since we normalize the
ground truth outputs in MORALPSYCHBENCH to
the scale of -4 to 4, they are not necessarily integers.
However, if we prompt LLMs to predict a score

on the same scale, they typically produce integer
scores. Therefore, we set up an oracle baseline
where each score is the integer that is the closest to
the ground truth score. This can be considered as
the performance ceiling.

LLMs and generation. To challenge the dif-
ficulty of our benchmark, we perform experi-
ments with 5 recent LLMs, including Llama-3-70B-
Instruct, Mixtral-8 x22B, GPT-3.5 Turbo, GPT-40,
and 03-mini. This ensures a good mix of open-
source and proprietary models. We access the
Llama and Mixtral models via the Together Al API
and the other three models via the OpenAl APL

We aim for greedy decoding by default, setting
the generation temperature to 0. We specify a
JSON output format for automated parsing. Oc-
casionally the LLMs may generate invalid JSON.
In this case we rerun inference on the failed cases
with a temperature of 1.0 until a valid JSON output
was produced.

Score prediction models. In our ablation study
(5), we observe that training a simple regression
model to input LLM-predicted scores for moral bot-
tleneck aspects can outperform letting the LLMs
predict the final moral scores. We train two regres-
sion models using the training set of MORALPSY-
CHBENCH and perform a small grid search for
hyperparameters on the validation set. We useLIN
to denote a simple linear model trained with a ridge
regression objective. We use MLP to denote a two-



layer perceptron.

Prompts We include prompts in Figure 2-6.



Consider a "scenario”: <scenario>.

We define a "frame” for a scenario as answers to the following list of questions.

Q1. Who was the agent of this action (should be a person)?

Q2. What assumption did you make about the agent?

Q3. Who was the patient being affected by this action?

Q4. What assumption did you make about the patient?

Q5. On a scale of ©-10, how vulnerable was the patient? Take into account the following:

(a) Minimum Vulnerability (score of ©-2): Inanimate objects or entities that cannot be harmed or victimized
(e.g., a brick wall).

(b) Medium-Low Vulnerability (score of 3-5): Individuals or entities characterized by resilience or strength
, making them less susceptible to harm (e.g., a professional wrestler).

(c) Medium-High Vulnerability (score of 6-8): Individuals of average resilience, with some susceptibility
to harm (e.g., a typical adult).
(d) Maximum Vulnerability (score of 9-10): Individuals or entities that are defenseless and highly

susceptible to harm or mistreatment (e.g., a puppy, a child, or a person with disabilities).

Q6. On a scale of ©-10, how intentional was the action? Take into account the following:

(a) Minimum Intentionality (score of ©-2): Performing an action that is entirely accidental, without any
intent.

(b) Medium-Low Intentionality (score of 3-5): Acting impulsively, with minimal premeditation.

(c) Medium-High Intentionality (score of 6-8): Taking action following some degree of thought and planning.

(d) Maximum Intentionality (score of 9-10): Executing an action with extensive planning and deliberate
thought.

Q7. On a scale of ©-10, how much harm was caused? Take into account the following:

(a) Minimum Harm (score of ©-2): Having no impact or effect on the target (e.g., merely touching it).

(b) Medium-Low Harm (score of 3-5): Inflicting minor damage or harm to someone or something (e.g., insulting

someone) .

(c) Medium-High Harm (score of 6-8): Causing significant damage, though not total destruction (e.g., assault
).

(d) Maximum Harm (score of 9-10): Inflicting the utmost damage, such as completely destroying or ending a
life (e.g., murder).

Q8. On a scale of ©-10, how much help was caused? Take into account the following:

(a) Minimum Help (score of ©-2): Failing to offer any assistance or protection (e.g., taking no action).

(b) Medium-Low Help (score of 3-5): Providing minor assistance or support (e.g., donating a small amount of
money) .

(c) Medium-High Help (score of 6-8): Offering substantial but not critical assistance or protection (e.g.,
alerting someone to danger or making a large charitable donation).

(d) Maximum Help (score of 9-10): Providing critical assistance or protection in life-threatening situations

(e.g., rescuing someone from drowning or an attack).

Q9. Based on the answers to Q5-Q8, on a scale of -4 to 4, how morally acceptable is this scenario (-4 means
extremely immoral, 4 means highly moral)?

Create a frame for the given scenario. The frame contains an answer for each question and a very short
reasoning for Q5-Q9. You should strictly produce a json output. Your output format should be exactly as

follows:
{
"Answer to Q1": "...",
"Answer to Q2": "...",
"Answer to Q3": "...",
"Answer to Q4": "...",
"Reasoning for Q5": "... (maximum 20 words)",
"Answer to Q5": "... (a number between @ and 10)",
"Reasoning for Q6": "... (maximum 20 words)",
"Answer to Q6": "... (a number between @ and 10)",
"Reasoning for Q7": "... (maximum 20 words)",
"Answer to Q7": "... (a number between @ and 10)",
"Reasoning for Q8": "... (maximum 20 words)",
"Answer to Q8": "... (a number between @ and 10)",
"Reasoning for Q9": "... (maximum 20 words)",
"Answer to Q9": " (a number between -4 and 4)"
3

Figure 2: LLM bottleneck grounding with Dyadic Theory




Consider a "scenario"”: <scenario>.

We

Q1.
Q2.
Q3.
Q4.

Q5.
(a)

(b)
(c)
(d)
Q6.
(a)
(b)

(c)
(d)

Q7.
(a)
(b)
(c)
(d)
Q8.
(a)
(b)
(c)

(d)

define a "frame"” for a scenario as answers to the following list of questions.
Who was the agent of this action (should be a person)?

What assumption did you make about the agent?

Who was the patient being affected by this action?

What assumption did you make about the patient?

On a scale of ©-10, how vulnerable was the patient? Take into account the following:

Minimum Vulnerability (score of ©-2): Inanimate objects or entities that cannot be harmed or victimized
(e.g., a brick wall).

Medium-Low Vulnerability (score of 3-5): Individuals or entities characterized by resilience or strength
, making them less susceptible to harm (e.g., a professional wrestler).

Medium-High Vulnerability (score of 6-8): Individuals of average resilience, with some susceptibility
to harm (e.g., a typical adult).

Maximum Vulnerability (score of 9-10): Individuals or entities that are defenseless and highly
susceptible to harm or mistreatment (e.g., a puppy, a child, or a person with disabilities).

On a scale of ©-10, how intentional was the action? Take into account the following:

Minimum Intentionality (score of ©-2): Performing an action that is entirely accidental, without any
intent.

Medium-Low Intentionality (score of 3-5): Acting impulsively, with minimal premeditation.

Medium-High Intentionality (score of 6-8): Taking action following some degree of thought and planning.
Maximum Intentionality (score of 9-10): Executing an action with extensive planning and deliberate
thought.

On a scale of ©-10, how much harm was caused? Take into account the following:
Minimum Harm (score of ©-2): Having no impact or effect on the target (e.g., merely touching it).
Medium-Low Harm (score of 3-5): Inflicting minor damage or harm to someone or something (e.g., insulting
someone) .
Medium-High Harm (score of 6-8): Causing significant damage, though not total destruction (e.g., assault
).
Maximum Harm (score of 9-10): Inflicting the utmost damage, such as completely destroying or ending a
life (e.g., murder).

On a scale of 0-10, how much help was caused? Take into account the following:

Minimum Help (score of ©0-2): Failing to offer any assistance or protection (e.g., taking no action).

Medium-Low Help (score of 3-5): Providing minor assistance or support (e.g., donating a small amount of

money) .

Medium-High Help (score of 6-8): Offering substantial but not critical assistance or protection (e.g.,

alerting someone to danger or making a large charitable donation).

Maximum Help (score of 9-10): Providing critical assistance or protection in life-threatening situations
(e.g., rescuing someone from drowning or an attack).

Create a frame for the given scenario. The frame contains an answer for each question and a very short

reasoning for Q5-Q9. Your output format should be as follows, please generate the entire json:

"Answer to Q1": A
"Answer to Q2": "...",
"Answer to Q3": "...",
"Answer to Q4": "...",

"Reasoning for Q5": ". (maximum 20 words)",

"Answer to Q5": "... (a number between @ and 10)",
"Reasoning for Q6": "... (maximum 20 words)",
"Answer to Q6": "... (a number between @ and 10)",
"Reasoning for Q7": "... (maximum 20 words)",
"Answer to Q7": "... (a number between @ and 10)",
"Reasoning for Q8": "... (maximum 20 words)",
"Answer to Q8": "... (a number between @ and 10)"

Figure 3: First step of Two Step LLM bottleneck grounding with Dyadic Theory




Consider the following task: You are given the scores for four different aspects of a scenario, and you need

to calculate the moral acceptability score for that scenario based on the scores of the aspects.

Here are the descriptions of the four aspects:

1.

o
4.

Vulnerability: On a scale of 0-10, how vulnerable was the patient (@ being not vulnerable at all and 10
being most vulnerable)?

Intent: On a scale of ©-10, how intentional was the action (@ being not intentional at all and 10 being
most intentional)?

Harm: On a scale of ©-10, how much harm was caused? (@ being no harm at all and 10 being most harm)?

Help: On a scale of ©-10, how much help was provided? (@ being no help at all and 10 being most help)?

Consider the following scores for the aspects:

e

2.
3o
4.

Vulnerability: <vulnerability_score>
Intent: <intent_score>

Harm: <harm_score>

Help: <help_score>

On a scale of -4 to 4, how morally acceptable is this scenario (-4 means extremely immoral, 4 means highly

moral)?

Your output format should be:

{

"explanation”: "... (maximum 20 words)",
"moral acceptability score”: " (a number between -4 and 4)"

Figure 4: Second step of Two Step LLM bottleneck grounding with Dyadic Theory
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Consider a

We define a

Q1:

Norm
Norm
Norm
Norm
Norm
Norm

"scenario”: <scenario>.

"frame"” for a scenario as answers to the following list of questions.

How much do the following norms apply to this scenario. For a norm (L/ R), estimate a value on scale
[-5,

0

#1.
#2.
#3.
#4.
#5.
#6.

5], where -5 implies an extreme act of L, and 5 implies an extreme act of R. Note that a value of
implies that the norm does not apply.

Harm/ Help

Cheating/ Fairness
Betrayal/ Loyalty
Subversion/ Authority
Degradation/ Sanctity
Oppression/ Liberty

Create a frame for the given scenario. Your output format should be:

{

"Answer

{

to Q1": [

"norm name"”: "Harm/ Help"”,

"explanation": " (maximum 20 words)",
"score": " (a number between -5 and 5)"
"norm name": "Cheating/ Fairness”,
"explanation”: " (maximum 20 words)",
"score": ". (a number between -5 and 5)"
"norm name": "Oppression/ Liberty",
"explanation”: ". (maximum 20 words)",
"score”: ". (a number between -5 and 5)"

Figure 5: First step of Two Step LLM bottleneck grounding with MFT Theory
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Consider the following task: You are given the scores for six different norms of a scenario, and you need to
calculate the moral acceptability score for that scenario. For a norm (L/ R), a score is on a scale of
[-5, 5], where -5 implies an extreme act of L, and 5 implies an extreme act of R. Note that a value of
0 implies that the norm does not apply.

Consider the following scores for the norms:

Harm/ Help: <harm_help_score>

Cheating/ Fairness: <cheating_fairness_score>
Betrayal/ Loyalty: <betrayal_loyalty_score>
Subversion/ Authority: <subversion_authority_score>
Degradation/ Sanctity: <degradation_sanctity_score>
Oppression/ Liberty: <oppression_liberty_score>

ou b wNn =

On a scale of -4 to 4, how morally acceptable is this scenario (-4 means extremely immoral, 4 means highly
moral)?

Your output format should be:
{

"explanation”: ".
"moral acceptability score”:

(maximum 20 words)",
", (a number between -4 and 4)"

Figure 6: Second step of LLM bottleneck grounding with MFT Theory
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LLaMA-3 (70B) GPT-40

LLM ey 4.14 5.89
MBM

LLMI,cHz(dyadic)ﬁy 222 2.18
LLM.’I:,C‘}Z(dyadiC)%y + LINz(dyadic)Ay 1.08 1.07
LLMIvﬂﬁl(dyadic)Hy + MLPz(dyadic)ﬁy 1.02 1.15

Table 6: MBM outperforms vanilla prompting in situa-
tional reasoning.

D Situational reasoning

When humans think of a morality of a scenario,
they often envision an underlying circumstance. In-
spired by this, we prompt LLMs to first generate
the most common underlying circumstance, and
then evaluate the morality of that scenario and the
underlying circumstance. As shown in Table 6,
we found that bottleneck models perform substan-
tially better compared to the baselines. This further
shows the robustness of bottleneck models.
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