
MORALISE: A Structured Benchmark for Moral Alignment in
Visual Language Models

Xiao Lin * 1 Zhining Liu * 1 Ze Yang * 1 Gaotang Li 1 Ruizhong Qiu 1 Shuke Wang 1 Hui Liu 2 Haotian Li 1

Yuchen Yan 1 Sumit Keswani 3 Vishwa Pardeshi 3 Huijun Zhao 3 Wei Fan 3 Hanghang Tong 1

Abstract

Recently, vision language models have gained
traction in morally sensitive domains such as au-
tonomous driving and medical analysis. Ensuring
their outputs align with human moral values is crit-
ical for safe real world deployment. However, ex-
isting moral alignment benchmarks are often text
only or rely heavily on AI generated images, in-
troducing distribution shift and reducing realism.
To address this gap, we introduce MORALISE, a
benchmark for evaluating the moral alignment of
vision language models using diverse, expert veri-
fied real world data. We propose a taxonomy of
13 moral topics grounded in Turiel’s Domain The-
ory, covering personal, interpersonal, and societal
domains. Based on this framework, we curate
2,481 image text pairs with topic annotations for
violated moral norms and modality annotations
indicating whether violations arise from the im-
age or text. We evaluate models on moral judg-
ment and moral norm attribution to assess both
violation awareness and reasoning. Experiments
on 19 open and closed source VLMs show that
MORALISE remains challenging, exposing persis-
tent moral limitations in state of the art models.

1. Introduction
Recently, vision-language models (VLMs) have achieved
remarkable progress in multimodal learning, advancing per-
formance in tasks such as image-text understanding (Rad-
ford et al., 2021) and cross-modal reasoning (Zhang et al.,
2024a). Due to their powerful cross-modal capabilities,
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VLMs are increasingly shaping real-world applications in
morally sensitive domains, such as autonomous driving (Pan
et al., 2024; Tian et al., 2024; Zhou et al., 2024), medical di-
agnosis (Hartsock & Rasool, 2024; Nath et al., 2024; Tanno
et al., 2023), and education (Lu et al., 2022; Stamatakis
et al., 2025). Consequently, ensuring the moral alignment of
VLMs has become an issue of growing importance. Morally
misaligned models could lead to inappropriate recommen-
dations, misleading guidance, or even potential harm to vul-
nerable populations (Raj et al., 2024; Zhang et al., 2024b).
Therefore, systematically evaluating whether VLMs adhere
to widely shared human moral values is a critical stepping
stone toward their safe and responsible deployment.

Despite its critical importance, the moral alignment of
VLMs remains underexplored. While AI morality has
gained growing attention, most research has focused on
large language models (LLMs) (Abdulhai et al., 2024; Ji
et al., 2025; Jiang et al., 2025; Zhao et al., 2025), with far
less on VLMs. Moreover, current VLM benchmarks pri-
marily evaluate general capabilities, such as reasoning and
commonsense understanding (Li et al., 2025; Zheng et al.,
2022), while largely neglecting the necessary discussion on
moral alignment. As a result, benchmarks targeting VLMs’
moral understanding are rare. Even among the few attempts
(Lee et al., 2024; Yan et al., 2024), key limitations remain.
For example, M3oralBench (Yan et al., 2024) relies fully
on AI-generated images from text-to-image models, rais-
ing concerns about visual quality and divergence from real
photos. Other efforts emphasize safety (Shi et al., 2024a),
differing in objectives and methodology. Consequently,
there remains a lack of high-quality, real-image-based, and
morally diverse multimodal benchmarks for systematically
assessing the moral alignment of VLMs.

To bridge this gap, we introduce MORALISE, a structured
benchmark for evaluating the moral alignment of vision-
language models. To ensure that the moral values assessed
in MORALISE reflect widely shared human norms, we pro-
pose a comprehensive taxonomy for categorizing the moral
content of images and texts. Grounded in Turiel’s Domain
Theory (Turiel, 1983), a widely accepted psychological
framework for moral reasoning, we organize moral values
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Table 1. Comparison between this work and representative recent benchmark/empirical studies.

Reference Multi-modality Multi-class Real-world Image Modality-violation Cue # Topics # Models

MoralBench (Ji et al., 2024) 7 7 7 7 6 10
ETHICS (Hendrycks et al., 2020) 7 7 7 7 6 7

VIVA (Hu et al., 2024) 3 7 3 7 10 11
M3oralBench (Yan et al., 2024) 3 7 7 7 6 10

MORALISE (Ours) 3 3 3 3 13 19

into three overarching domains: (1) the personal domain,
which concerns individual autonomy and self-regulation; (2)
the interpersonal domain, which addresses justice, rights,
and interpersonal harm; and (3) the societal domain, which
encompasses authority, social norms, and collective coordi-
nation. Furthermore, to better re�ect the nuanced moral con-
texts encountered in real-world scenarios, we re�ne these
domains into 13 �ne-grained moral topics, providing a prin-
cipled foundation for constructing our benchmark.

Building on 13 moral topics, we manually curated and veri-
�ed 2,481 real-world image-text pairs, explicitly avoiding
AI-generated content. To isolate the contributions of each
modality, we distinguish two types of moral violations: (1)
those primarily conveyed through text, and (2) those pri-
marily conveyed through images. For each violation type,
we collect at least 50 real pairs per topic. Furthermore, we
design a diverse suite of moral evaluation tasks. Beyond
identifying the presence of a moral violation, VLMs are
also required to pinpoint the speci�c moral topic violated.
This comprehensive design enables systematic testing of
a model's moral reasoning when it perceives information
through both vision and language. Compared to existing
benchmarks, MORALISE bears several key advantages: (1)
Broad topical coverage across 13 �ne-grained moral cat-
egories spanning personal, interpersonal, and societal do-
mains; (2) Authentic visual contexts drawn from natural
settings, vetted by human experts; (3) Modality-centric an-
notations that enable targeted analysis of visual and textual
moral cues; and (4) Comprehensive evaluation protocols
that assess both coarse and �ne-grained moral understand-
ing. Together, these design choices position MORALISE as
a principled and robust benchmark for assessing the moral
capabilities of vision-language models, with a detailed com-
parison to existing moral benchmarks shown in Table 1. Our
contributions are summarized as follows:

• Taxonomy. Grounded in Turiel's Domain Theory, our
taxonomy organizes moral values into 13 distinct topics
in personal, inter-personal, and societal scenarios. To
our best knowledge, this offers the most comprehensive
coverage among existing moral VLM benchmarks.

• Dataset. We release a high-quality, expert-annotated
dataset of over 2,400 real-world image-text pairs. Each
sample includes �ne-grained modality-centric and topic-

centric annotations, forming a solid foundation for future
research on moral reasoning in VLMs.

• Evaluation. We design two complementary tasks, moral
judgment and moral norm attribution, to assess models'
moral awareness and reasoning on morally salient con-
tents. After evaluating 19 open- and proprietary models,
we provide in-depth analyses across model scale, family,
modality sensitivity, and moral prediction patterns.

2. Related Works

Moral Psychology and Domain Theory. Our benchmark
draws on Turiel's Domain Theory (Turiel, 1983), which
distinguishes between the moral domain (justice, rights, and
welfare), the social conventional domain (context-dependent
norms), and the personal domain (individual preferences).
For instance, hitting is a moral violation, while dress codes
are conventional. Follow-up studies (Laupa, 1994; Nucci
et al., 1996; Rizzo et al., 2016; Tisak et al., 2000) have fur-
ther clari�ed behavioral patterns within each domain and
differences between domains. This distinction is crucial for
alignment: AI models must recognize inherently immoral
acts versus context-speci�c norms. We organize our 13 eval-
uation topics along these domains to ensure broad coverage
and test models' ability to make such distinctions.

Moral Benchmarks for AI. Benchmarks for ethical rea-
soning in AI have grown, but most remain text-only. An
early example, ETHICS (Hendrycks et al., 2020), intro-
duced multiple-choice and free-form scenarios on concepts
like justice and virtue, showing LLMs struggle with con-
sistent moral judgment. Later benchmarks, such as Social
Chemistry 101 (Forbes et al., 2020) and the Moral Integrity
Corpus (MIC) (Ziems et al., 2022), compiled large-scale
datasets of moral judgments in everyday or dialog settings.
Others (Nadeem et al., 2020; Scherrer et al., 2023) follow
similar textual approaches. A key limitation is the absence
of visual context—many real-world moral choices require
scene perception beyond text. Only a few assess VLM
moral reasoning: VLStereoSet (Zhou et al., 2022) focuses
on stereotypical bias; Shi et al. (Shi et al., 2024b) tests help-
fulness, honesty, and harmlessness; and M3oralBench uses
AI-generated images. In contrast, our benchmark employs
real-life images and explicitly distinguishes moral from con-
ventional issues, grounding design in moral psychology
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for a more comprehensive and realistic evaluation of VLM
morality.

Vision-Language Models. Recent advances in VLMs
have enabled systems to understand and generate language
grounded in vision. Notable examples include CLIP (Rad-
ford et al., 2021), BLIP (Li et al., 2022), Flamingo (Alayrac
et al., 2022), GPT-4V (Achiam et al., 2023), and Gem-
ini (Team et al., 2024), which excel at retrieval, captioning,
and multimodal dialogue. Despite this progress, VLMs re-
main far from robust, motivating benchmarks to test broader
abilities. Challenges include multimodal alignment (Rasen-
berg et al., 2020) and gaps in commonsense or physical
understanding (Chow et al., 2025). Other work addresses
hallucination (Rohrbach et al., 2018), where models refer-
ence nonexistent objects, or explores safety and fairness. For
instance, SafeBench (Ying et al., 2024) checks for harmful
outputs, while fairness benchmarks (Gallegos et al., 2024)
probe bias toward marginalized groups. Distinct from these,
our work introduces a new perspective: systematically prob-
ing the morality of VLMs.

3. Framework

In this section, we introduce the MORALISE dataset along-
side a detailed evaluation framework. Speci�cally, we de-
scribe the moral taxonomy and the construction of real-
world moral scenarios in Sections 3.1 and 3.2, respectively.
Our evaluation design for assessing model performance on
MORALISE is presented in Section 3.3.

3.1. Taxonomy Design

Building upon foundational research on (Laupa, 1994;
Nucci et al., 1996; Rizzo et al., 2016; Tisak et al., 2000;
Turiel, 1983), we begin by categorizing moral values into
three domains according to Turiel's Domain Theory, and
further re�ning them into 13 distinct moral topics. This tax-
onomy is designed to capture a broad spectrum of morally
relevant considerations and to comprehensively re�ect the
moral concerns commonly encountered in everyday life.
Detailed descriptions of each domain are provided below.

The personal domain pertains to individual preferences
and autonomy. Moral violations in this domain are typically
viewed as matters of personal choice rather than breaches
of universal group principles. We re�ne this domain into
the following two moral topics. (1) Integrity: Being truthful
and transparent, avoiding lies or deception; (2) Sanctity:
Protecting purity, cleanliness, or moral standards from con-
tamination or corruption.

The interpersonal domain encompasses moral concerns
that are considered intrinsically wrong because they involve
harm, injustice, or violations of individual rights. Judg-
ments in this domain are typically authority-independent,

universally applicable, and not contingent on explicit social
rules. We re�ne this domain into the following six moral
topics: (3) Care: Showing kindness and compassion by
responding to others' needs and suffering; (4) Harm: Avoid-
ing actions that cause physical or emotional injury to others;
(5) Fairness: Distributing resources or opportunities impar-
tially, without favoritism or bias; (6) Reciprocity: Returning
favors and cooperation fairly when others offer help; (7)
Loyalty: Staying faithful to one's group, friends, or country,
and not betraying them; (8) Discrimination: Avoiding unfair
treatment or prejudice based on identity.

The societal domain encompasses norms that sustain social
order, including classroom rules, etiquette, rituals, and dress
codes. Violations are deemed wrong through social con-
sensus, tradition, or authority, with legitimacy grounded in
culturally accepted rule-makers. We re�ne this domain into
�ve moral topics: (9) Authority: Following legitimate rules,
laws, and leaders; (10) Justice: Acting fairly by adhering
to rules and procedures, ensuring equitable treatment and
deserved outcomes; (11) Liberty: Supporting individuals'
freedom to make autonomous choices without coercion; (12)
Respect: Honoring others' cultural or religious beliefs and
practices; (13) Responsibility: Taking ownership of one's
actions and making amends when necessary.

3.2. Scenario Construction

Based on our proposed moral taxonomy, human experts
start data collection by gathering images online via scraping
from open-sourced websites such as Pinterest, Reddit, and
Google Search. All annotators are graduate students in ma-
chine learning–related �elds, and they rigorously �lter out
any potentially AI-generated content to ensure high data au-
thenticity. As a result, the curated dataset faithfully captures
real-life situations and human social behavior. Furthermore,
given the unique capacity of VLMs to interpret both textual
and visual information, it is crucial to distinguish whether
moral judgments are derived primarily from textual or vi-
sual cues. To this end, we categorize moral violations into
two types: (1) text-centric violation, i.e., those primarily
conveyed through text, and (2) image-centric violation, i.e.,
those primarily conveyed through images. This modality-
level annotation not only enables more nuanced evaluation
but also provides actionable insights for future work seek-
ing to debias or improve modality-speci�c moral reasoning
in VLMs. For each violation type and each moral topic,
we collect a minimum of 50 image-text pairs. Throughout
this process, annotators prioritize both quality and diver-
sity, ensuring that every moral topic includes at least �ve
distinct real-world contexts. For instance, under the Care
topic, scenarios span schools, hospitals, refugee shelters,
nursing homes, and workplace settings. The representative
examples are shown in Figure 2.
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Figure 1. Overview of the proposed MORALISE benchmark. Best viewed in color.

Figure 2. Representative examples for all 13 moral topics and two modality-centric violations.

After data collection, we perform a moral norm re�nement
process for each topic to ensure label quality and consistency.
Speci�cally, we apply a majority-vote protocol among an-
notators to discard low-quality examples and determine the
most representative moral topic(s) for each sample. When
an image-text pair clearly satis�es multiple moral topics,
we adopt a multi-label annotation scheme, assigning all ap-
plicable labels to the example. Importantly, an annotation
is only accepted when it achieves at least 83% agree-
ment among all human experts. Examples falling below
this agreement threshold are escalated to two senior experts
for adjudication. If consensus cannot be reached at this
stage, the examples are discarded. This pipeline ensures
that MORALISE comprises a high-quality, diverse, and real-
istic set of multimodal examples, accompanied by precise
and �ne-grained annotations covering both moral topic and
violation type. Detailed dataset statistics are provided in

Appendix A, demonstrating that MORALISE is a carefully
balanced benchmark.

3.3. Evaluation Task Design

In MORALISE, we formulate two moral evaluation tasks,
Moral Judgment and Moral Norm Attribution. Both
tasks are designed to probe the model's ability to reason
about morally salient information across modalities and to
align its judgments with human moral norms. The details of
each task are explained in the following paragraphs.

Moral Judgment.The Moral Judgment task assesses
whether a model can accurately determine if the behav-
ior depicted in a given scenario is morally wrong. On the
MORALISE dataset, vision-language models are required to
evaluate each scenario by jointly considering both the visual
and textual modalities, and produce one of the following
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Table 2. Moral judgement task results. For a comprehensive evaluation, we also rank all methods across topics, and report their
average scores and ranks. Color coding is used to show the moral performance gains (blue) or losses (red) relative to the average
performance, with deeper colors indicating larger differences. All the �gures in this paper share the same color coding.

Model
Personal Interpersonal Societal Average

Integrity Sanctity Care Harm Fairness Reciproc. Loyalty Discrimi. Authority Justice Liberty Respect Responsi. Score Rank

P
ro

pr
ie

ta
ry

M
od

el
s GPT-4o 94.38 77.84 88.04 86.08 91.02 82.59 86.02 89.83 91.83 93.33 78.05 81.73 90.37 87.01 8.46

GPT-o4-mini 97.75 79.38 85.87 88.61 90.42 86.57 84.95 93.22 91.83 97.22 84.39 85.28 91.98 89.04 5.69
GPT-4o-mini 96.07 82.47 88.59 86.71 89.22 86.07 90.32 88.14 92.79 93.89 82.44 86.80 90.91 88.80 5.31

Average 96.07 79.90 87.50 87.13 90.22 85.08 87.10 90.40 92.15 94.81 81.63 84.60 91.09 88.28 6.49

O
pe

n-
so

ur
ce

M
od

el
s

Qwen2.5-VL (3B) 91.57 85.57 84.78 77.22 79.64 90.55 93.55 79.66 88.46 87.22 89.27 82.23 86.10 85.83 9.46
Qwen2.5-VL (7B) 94.94 87.63 88.04 84.18 85.03 93.53 92.47 84.32 90.87 93.33 87.32 85.79 94.12 89.35 4.69
Qwen2.5-VL (32B) 95.51 87.63 88.59 84.18 84.43 93.53 91.94 84.32 90.87 93.33 87.32 85.79 94.12 89.35 4.77
Qwen2-VL (2B) 79.21 84.02 84.24 74.68 76.05 85.07 86.56 77.12 81.25 81.11 87.32 86.80 81.28 81.90 12.00
Qwen2-VL (7B) 88.76 81.44 87.50 84.18 83.83 79.10 87.63 79.24 93.75 90.56 84.39 80.20 86.10 85.13 10.62
Gemma3 (4B) 87.64 75.26 75.54 74.68 72.46 90.05 83.87 79.24 73.08 72.78 80.98 85.28 84.49 79.64 14.00
Gemma3 (12B) 96.07 86.08 85.87 82.28 86.83 92.54 89.78 86.86 91.35 91.11 84.39 90.36 89.84 88.72 6.23
Gemma3 (27B) 96.63 86.08 89.67 83.54 88.62 92.04 92.47 83.47 92.79 92.78 84.88 91.37 89.84 89.55 5.00
InternVL3 (2B) 85.39 74.23 75.54 75.95 70.06 86.57 80.65 75.85 70.67 77.78 76.59 85.28 80.21 78.06 15.23
InternVL3 (8B) 92.13 81.96 84.78 83.54 83.83 82.59 84.95 84.32 93.27 93.33 80.49 81.22 87.17 85.66 10.23
InternVL3 (14B) 91.57 84.02 83.15 84.81 86.23 83.58 84.95 87.29 89.42 94.44 82.93 80.71 92.51 86.59 9.31
InternVL3 (38B) 94.94 85.05 83.70 88.61 88.02 84.08 87.63 86.44 91.35 95.56 79.02 83.76 94.12 87.87 7.38
LLaVA (7B) 76.40 62.37 62.50 72.78 57.49 70.65 65.05 62.71 59.62 65.56 63.41 65.99 64.71 65.33 18.92
LLaVA-NEXT (7B) 85.39 69.07 70.11 72.78 65.87 80.60 77.96 73.31 66.35 71.67 73.17 81.22 72.73 73.86 17.54
PHI3-V (7B) 94.94 81.96 80.43 77.85 72.46 88.56 93.01 74.58 76.44 85.00 82.44 86.29 84.49 82.96 11.15
GLM4-V (7B) 90.45 84.54 85.87 80.38 82.63 86.57 92.47 85.59 88.94 90.56 86.83 86.29 90.91 87.08 8.31

Average 90.10 81.06 81.89 80.10 78.97 86.23 86.56 80.27 83.66 86.01 81.92 83.66 85.80 83.55 10.30

responses: “(a) Not morally wrong” or “(b) Morally wrong”.
During evaluation, we treat both the choice label (e.g., “a”)
and the full response text (e.g., “Not morally wrong”) as
valid answers. This task enables us to assess a model's
moral awareness in visually and semantically similar situ-
ations, and further quantify its sensitivity and reliability in
making morally aligned judgments.

Moral Norm Attribution.The moral norm attribution task
evaluates whether a model correctly identify the speci�c
moral topic(s) violated by a given image-text scenario. Be-
yond the moral judgment task, this task requires the model
to reason about the nuanced moral implications of different
violations, placing a higher demand on moral alignment.
Concretely, we �rst provide the model with detailed de�-
nitions of all 13 moral topics in Section 3.1, and then ask
it to identify the primary topic(s) that the scenario violates.
To account for morally neutral examples in the dataset, we
include an additional option: “Not morally wrong.” The full
prompt is provided in Appendix B.1. Similar to the moral
judgment task, both the label (e.g., “a”) and the full response
text (e.g., “Justice”) are considered valid answers. This task
allows us to assess the model's �ne-grained understanding
of multimodal moral content and offer insight into topic-
level moral alignment, which provides targeted feedback or
correction strategies for improving moral reasoning.

4. Experiments and Analysis

4.1. Evaluation Protocols.

Models evaluated.We evaluate a broad range of both open-
source and proprietary vision-language models. The open-
source models include: (1) Gemma-3 models (Kamath

et al., 2025): Gemma-3 (4B), Gemma-3 (12B), and Gemma-
3 (27B); (2) GLM4-V (Zeng et al., 2024): GLM4-V (9B);
(3) InternVL3 models (Zhu et al., 2025): InternVL3 (2B),
InternVL3 (8B), InternVL3 (14B), and InternVL3 (38B);
(4) LLaVA models (Liu et al., 2024; 2023): LLaVA and
LLaVA-NeXT; (5) Phi-3-vision (Abdin et al., 2024): Phi-
3.5-vision; (6) Qwen2-VL models (Wang et al., 2024):
Qwen2-VL-Instruct (2B) and Qwen2-VL-Instruct (7B); and
(7) Qwen2.5-VL models (Bai et al., 2025): Qwen2.5-VL
(3B), Qwen2.5-VL (7B), and Qwen2.5-VL (32B). For propri-
etary models, we include OpenAI models (ope; OpenAI,
2024): GPT-4o, GPT-4o-mini, and o4-mini. We provide a
more detailed description for these models in Appendix B.2.

Evaluation setup.We evaluate both open-source and closed-
source vision language models in a consistent setup to en-
sure fairness and reproducibility. All open-source mod-
els are run using the vLLM inference engine on a single
NVIDIA A100 GPU with 80 GB of memory, while closed-
source models from OpenAI are accessed via their public
API. We use a temperature of 0 (i.e., greedy search) and
limit output to 64 tokens for all models that support them.
OpenAI's o4-mini is the sole exception, as it relies on de-
fault API settings due to the absence of con�gurable options.
The prompt templates are detailed in Appendix B.1.

Evaluation subtasks.We de�ne three evaluation subtasks
to assess model performance on Moral Judgment and Moral
Norm Attribution. (S1): For Moral Judgment, we evalu-
ate a model's binary classi�cation accuracy in determining
whether the given scenario constitutes a moral violation.
For Moral Norm Attribution, where each sample may have
multiple valid labels, we further study the following two
subtasks. (S2): We ask the model to identify the single most

5



MORALISE : A Structured Benchmark for Moral Alignment in Visual Language Models

Table 3. Moral norm attribution (single-norm prediction hit) task results.

Model
Personal Interpersonal Societal Average

Integrity Sanctity Care Harm Fairness Reciproc. Loyalty Discrimi. Authority Justice Liberty Respect Responsi. Score Rank

P
ro

pr
ie

ta
ry

M
od

el
s GPT-4o 92.73 58.82 46.00 91.82 72.15 61.39 75.56 62.93 60.38 70.00 60.95 50.50 65.59 66.83 4.38

GPT-o4-mini 90.00 56.86 54.00 85.45 81.01 64.36 77.78 89.66 64.15 81.82 70.48 59.41 70.97 72.77 2.92
GPT-4o-mini 81.82 54.90 36.00 87.27 64.56 46.53 58.89 62.07 58.49 65.45 46.67 56.44 63.44 60.19 6.85

Average 88.18 56.86 45.33 88.18 72.57 57.43 70.74 71.55 61.01 72.42 59.37 55.45 66.67 66.60 4.72

O
pe

n-
so

ur
ce

M
od

el
s

Qwen2.5-VL (3B) 10.91 1.96 5.00 37.27 20.25 16.83 7.78 12.07 5.66 17.27 0.95 2.97 18.28 12.09 18.23
Qwen2.5-VL (7B) 49.09 21.57 19.00 65.45 43.04 25.74 17.78 22.41 36.79 42.73 14.29 17.82 26.88 30.97 14.15
Qwen2.5-VL (32B) 49.09 21.57 19.00 67.27 43.04 25.74 18.89 22.41 35.85 42.73 15.24 17.82 26.88 31.19 13.92
Qwen2-VL (2B) 4.55 23.53 19.00 100.00 31.65 0.99 17.78 39.66 24.53 17.27 25.71 14.85 34.41 27.23 14.15
Qwen2-VL (7B) 29.09 17.65 21.00 82.73 32.91 30.69 25.56 27.59 40.57 40.00 21.90 32.67 35.48 33.68 13.54
Gemma3 (4B) 84.55 47.06 62.00 85.45 64.56 39.60 52.22 82.76 63.21 80.91 62.86 57.43 70.97 65.66 5.23
Gemma3 (12B) 80.00 69.61 67.00 85.45 50.63 54.46 71.11 62.93 57.55 72.73 51.43 51.49 48.39 63.29 6.00
Gemma3 (27B) 90.91 53.92 31.00 97.27 74.68 59.41 65.56 81.90 57.55 82.73 59.05 58.42 62.37 67.29 4.46
InternVL3 (2B) 38.18 37.25 81.00 70.00 40.51 35.64 41.11 34.48 33.02 46.36 25.71 31.68 56.99 43.99 10.85
InternVL3 (8B) 82.73 58.82 56.00 86.36 35.44 47.52 40.00 37.93 52.83 78.18 28.57 37.62 36.56 52.20 8.46
InternVL3 (14B) 86.36 58.82 48.00 89.09 70.89 59.41 63.33 67.24 66.04 82.73 56.19 64.36 66.67 67.63 3.77
InternVL3 (38B) 91.82 32.35 35.00 83.64 74.68 54.46 55.56 51.72 57.55 81.82 46.67 55.45 78.49 61.48 6.15
LLaVA (7B) 10.00 8.82 6.00 20.00 11.39 7.92 10.00 0.86 13.21 97.27 7.62 4.95 7.53 15.81 17.00
LLaVA-NEXT (7B) 32.73 21.57 22.00 61.82 40.51 24.75 27.78 18.97 27.36 50.00 16.19 19.80 30.11 30.28 14.23
PHI3-V (7B) 30.91 22.55 21.00 73.64 48.10 18.81 18.89 62.07 22.64 84.55 18.10 35.64 18.28 36.55 12.38
GLM4-V (7B) 47.27 26.47 23.00 99.09 49.37 32.67 41.11 35.34 39.62 61.82 27.62 24.75 47.31 42.73 10.23

Average 51.14 32.72 33.44 75.28 45.73 33.41 35.90 41.27 39.62 61.19 29.88 32.98 41.60 42.63 10.80

Table 4. Moral norm attribution (multi-norm prediction F1 score) task results.

Model
Personal Interpersonal Societal Average

Integrity Sanctity Care Harm Fairness Reciproc. Loyalty Discrimi. Authority Justice Liberty Respect Responsi. Score Rank

P
ro

pr
ie

ta
ry

M
od

el
s GPT-4o 75.43 50.00 63.10 66.82 58.82 45.69 56.36 61.49 47.69 51.96 55.91 42.32 59.21 56.52 2.92

GPT-o4-mini 82.44 50.95 41.88 56.72 62.50 51.32 51.41 81.40 44.87 56.18 53.29 45.14 50.36 56.04 3.15
GPT-4o-mini 75.97 41.98 29.68 57.06 51.58 36.23 39.30 54.69 38.85 49.59 35.54 41.83 47.62 46.15 7.00

Average 77.95 47.64 44.89 60.20 57.63 44.41 49.02 65.86 43.80 52.58 48.25 43.10 52.40 52.90 4.36

O
pe

n-
so

ur
ce

M
od

el
s

Qwen2.5-VL (3B) 10.85 1.53 2.90 25.22 19.42 12.08 4.24 14.07 3.23 8.54 2.09 3.11 12.45 9.21 18.31
Qwen2.5-VL (7B) 38.76 18.32 15.22 48.65 33.98 13.59 9.89 23.44 20.00 27.35 8.36 12.45 17.58 22.12 14.31
Qwen2.5-VL (32B) 38.76 18.32 15.22 47.45 33.98 12.83 9.89 22.65 20.00 26.21 8.36 12.45 16.85 21.77 14.69
Qwen2-VL (2B) 8.53 18.32 13.77 65.47 24.28 1.51 12.02 41.41 16.78 10.82 18.82 14.01 24.17 20.76 14.08
Qwen2-VL (7B) 27.13 8.40 14.49 50.45 28.15 23.39 12.72 25.00 24.52 28.49 11.85 17.90 21.24 22.60 13.85
Gemma3 (4B) 70.00 39.24 43.26 57.06 45.63 31.46 31.69 71.59 42.58 46.45 44.59 40.47 44.53 46.81 7.08
Gemma3 (12B) 73.61 57.56 50.15 61.84 41.51 44.61 46.70 63.43 44.65 48.74 46.63 45.97 42.96 51.41 4.92
Gemma3 (27B) 70.15 49.87 53.73 70.41 54.27 50.34 54.36 72.67 47.42 59.73 43.13 54.76 61.28 57.08 2.77
InternVL3 (2B) 30.23 24.43 58.69 41.56 32.03 25.76 22.62 26.56 22.01 30.95 21.53 24.22 35.17 30.44 11.46
InternVL3 (8B) 68.48 45.56 38.68 53.78 33.17 31.91 28.57 38.21 37.25 44.13 23.74 25.29 23.62 37.88 9.62
InternVL3 (14B) 73.56 43.61 37.50 59.46 52.86 45.52 40.14 61.07 41.01 53.58 40.94 53.79 48.92 50.15 5.38
InternVL3 (38B) 79.84 25.86 27.66 58.58 58.47 44.53 40.14 50.93 43.47 52.09 38.78 43.68 54.87 47.61 5.92
LLaVA (7B) 5.43 6.87 3.62 10.21 9.71 5.28 6.38 1.57 7.74 62.11 5.58 3.89 5.13 10.27 17.08
LLaVA-NEXT (7B) 33.33 19.85 21.02 49.85 34.95 18.86 18.37 20.23 23.87 34.09 17.42 20.24 21.98 25.70 12.69
PHI3-V (7B) 26.35 17.55 14.49 44.44 36.89 18.86 12.02 49.22 14.19 52.42 10.45 28.79 11.72 25.95 13.31
GLM4-V (7B) 41.08 22.90 15.94 64.86 44.66 22.64 24.73 30.47 27.74 39.89 20.21 16.34 32.97 31.11 10.46

Average 43.51 26.14 26.65 50.58 36.50 25.20 23.40 38.28 27.28 39.10 22.65 26.09 29.72 31.93 11.00

likely violated moral topic and evaluate performance using
the hit rate, i.e., whether the predicted topic appears among
the gold-standard labels; and (S3): Models are required to
predict all applicable violated topics, and performance is
evaluated using the F1 score over the 13 moral topics.

4.2. Task and Topic-Level Analysis

We present the main results for the three evaluation subtasks
in Tables 2, 3, and 4, respectively. For each subtask, we
report the performance of 19 VLMs across 13 moral norms.
To highlight key insights from the large volume of results,
we report each model's average score across all topics,
along with its average rank. The average rank is computed
by ranking all models per topic based on their performance
and then averaging the ranks across topics, i.e., lower rank
means better performance. In addition, for each topic, we

compute the average performance of proprietary and open-
source models to reveal broader performance differences
between the two model types.

RQ1: How well do current VLMs align with human
moral expectations?Despite advances in multimodal un-
derstanding, VLMs still struggle to match human intuitions
on morally sensitive tasks. Performance across both moral
judgment and norm attribution reveals room for improve-
ment, with even the strongest models failing on complex
or less frequent moral themes (e.g., GPT-4o only reached
42.32 attribution F1 scores on respect in Table 4). Such gap
indicates that moral alignment in multimodal contexts re-
mains a challenging issue and should be a key consideration
in the development of more responsible AI systems.
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Takeaway #1: Moral alignment largely remains an
open challenge for VLMs.

Despite progress in multimodal learning, current VLMs
exhibit clear limitations in aligning with human moral
expectations, highlighting the need for benchmark-
driven evaluation and improved training signals.

RQ2: Is �ne-grained moral reasoning more dif�cult for
VLMs than binary moral judgment?The main results
show a marked performance drop when models classify
which moral norm is violated (Tables 3 and 4), compared
to simply identifying whether a scenario is morally wrong
(Table 2). For example, proprietary/open-source models
achieved an average of 88.28/83.55 accuracy in moral judge-
ment, but only an average of 66.60/42.63 hit rate in norm
attribution. This trend holds across model sizes and ar-
chitectures, especially in multi-label settings where subtle
normative distinctions are involved. It suggests that norm
attribution requires deeper conceptual understanding and
contextual inference beyond coarse binary classi�cation.

Takeaway #2: Moral norm attribution is signi�-
cantly harder than moral judgment.

While most models perform reasonably on binary moral
judgment, their performance drops sharply when iden-
tifying violated norms, revealing challenges in �ne-
grained moral reasoning.

RQ3: Are certain moral topics easier for models to align
with than others?Topic-wise evaluation reveals that mod-
els achieve higher accuracy and F1 scores on widely repre-
sented norms like harm, justice, and integrity. These norms
tend to be more salient in social discourse and are likely
emphasized during pretraining. In contrast, models per-
form poorly on more abstract or nuanced norms like liberty,
respect, or reciprocity, especially in multi-label settings.

Takeaway #3: Models align better with common
norms like harm and justice.

Norms that are more frequently emphasized in social
discourse, e.g., harm/justice, are better captured. Less-
discussed topics deserve additional attention in efforts
toward moral alignment.

4.3. Model-level Analysis: Closed vs Open, Small vs
Large

RQ4: Do proprietary models outperform open-source
VLMs in moral reasoning tasks?As shown in Tables 2–4,
proprietary models like GPT-4o generally outperform open-
source counterparts, particularly in normative attribution.
However, the best-performing open-source models, such as
the Gemma3 and InternVL series with over� 10B param-
eters, show only a small performance gap. For instance,
Gemma3 27B achieves average rankings of 5.00/4.46/2.77

across the three tasks, which is comparable to GPT-4o's
performance 8.46/4.38/2.92. This suggests that while pro-
prietary models have advantages, recent open-source efforts
are catching up in handling morally complex content.

Takeaway #4: Closed-source models lead, but not
by a wide margin.

Proprietary models such as GPT-4o outperform open-
source alternatives, particularly in norm attribution,
but several open-source models demonstrate competi-
tive and robust performance.

RQ5: Does model scale correlate with better moral align-
ment?To illustrate the relationship between model size and
performance, Figure 3 presents line plots of moral alignment
capabilities across open-source model families as model size
increases. We observe that for several VLM families, scaling
from small (<5B) to medium (� 10B) markedly improves
their moral judgment and attribution capabilities. This is
likely because moral reasoning is a high-level task that re-
lies on a model's fundamental abilities in text and image
understanding, which are often limited in smaller models.
However, the bene�t plateaus beyond the medium (� 10B)
size, indicating that once basic capabilities are no longer the
bottleneck, scaling alone is insuf�cient for achieving moral
generalization without targeted training objectives.

Furthermore, to directly compare performance across dif-
ferent moral norms at similar model sizes, Figure 4 shows
radar plots for open-source models of small (<5B), medium
(5–15B), and large (>15B) sizes, along with closed-source
models, all evaluated on 13 moral norms. Among open-
source models, the Gemma family consistently demon-
strates strong and balanced performance across topics. In-
terestingly, within the closed-source group, GPT-o4-mini
outperforms the larger GPT-4o on several norms and shows
a more uniform performance overall. This corroborates our
earlier conclusion: model size alone does not guarantee
moral reasoning ability. Smaller models that are carefully
optimized or instruction-tuned for moral alignment can out-
perform larger models lacking targeted supervision.

Takeaway #5: Scaling alone is insuf�cient for moral
alignment.

Scaling from small to medium model sizes improves
moral reasoning primarily by lifting fundamental tex-
tual and visual understanding capacities. However,
once basic visual-linguistic competence is reached, fur-
ther scaling offers little bene�t.

4.4. Modality and Correlation Analyses

RQ6: Are models equally effective at moral reasoning
across modalities?As previously mentioned, our datasets
contain two types of morality test samples: text-centric
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