
Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 3759–3784
October 24-29, 2026 ©2026 Association for Computational Linguistics

M-QUEST - Meme Question-Understanding Evaluation
on Semantics and Toxicity

Stefano De Giorgis Ting-Chih Chen Filip Ilievski
Vrije Universiteit Amsterdam

De Boelelaan 1105
{s.degiorgis, t.c.chen, f.ilievski}@vu.nl

Abstract
Internet memes are a powerful form of on-
line communication, yet their multimodal na-
ture and reliance on commonsense and cul-
tural knowledge make automated toxicity de-
tection challenging. Prior work has studied
individual dimensions of memes: textual con-
tent via optical character recognition, visual
content via object recognition, and toxicity via
hate speech detection, but lacks a unified ar-
chitecture that formally identifies the seman-
tic dimensions contributing to meme toxicity.
We present three contributions: (1) a semantic
framework consolidating 10 dimensions neces-
sary for meme interpretation; (2) a correspond-
ing benchmark, M-QUEST, of 1, 109 question-
answer pairs for 307 memes, divided in two
subsets: M-QUEST-qwen and M-QUEST-
gemini generated via a semi-automatic process
grounded in the framework, respectively with
Qwen3-VL-8B-Instruct, and Gemini3.6-Flash;
and (3) an empirical evaluation of 12 VLMs,
10 open-weight and 2 closed proprietary, on M-
QUEST. The results show that the instruction-
tuned models with reasoning capabilities signif-
icantly outperform others, whereas pragmatic
inference remains challenging across models.

Disclaimer: This paper contains discriminatory
and explicit content that may be disturbing to some
readers.

1 Introduction

Internet memes are “linguistic, image, audio, and
video texts created, circulated, and transformed
by countless cultural participants” (Milner, 2018).
Memes are currently a key form of communication
in public and private online conversations. From
funny content, they become actual “modes of hy-
persignification, wherein the code itself becomes
the focus of attention” (Shifman, 2014). The com-
municative power of memes resides in their abil-
ity to condense complex ideas into shareable for-
mats (Onielfa et al., 2022). This power is sustained

by two factors: (i) resilience over time due to
their multimodal nature, and (ii) traction gained
from cultural and social overproduction, amplified
by users consuming multimodal content in binge-
watching patterns on social media (Shifman, 2019).
While memes usually express humor, many “harm-
ful memes” (Pramanick et al., 2021a) or “hateful
memes” (Qu et al., 2023), jointly termed “toxic”
memes (Pandiani et al., 2025), are designed or used
for malicious purposes. Their scale, velocity, and
variety make identifying toxicity in memes chal-
lenging for content moderators, and inspire work
on AI-assisted toxicity detection (Ilievski, 2024).

Early AI research treated meme toxicity as a
black-box classification task (Kiela et al., 2020;
Fersini et al., 2022). Yet, to paraphrase Tolstoy
(1878): “all happy memes are alike, each toxic
meme is toxic in its own way.” Identifying toxic-
ity features requires a conceptual decomposition
that goes beyond the meme as a material object
(image + text) to the meme as a cultural object: a
relational entity connecting observers, their back-
ground knowledge, and the broader cultural context
implicated in its interpretation (Bollici et al., 2026).

This recognition of the multi-faceted nature of
meme toxicity has led to recent research at the in-
tersection of toxicity and reasoning (Pandiani et al.,
2025). Semantic frameworks that characterize
memes have been proposed in the form of theoreti-
cal frameworks (Bollici et al., 2026) or as knowl-
edge graphs (Tommasini et al., 2023; Martinez Pan-
diani et al., 2025). Meanwhile, benchmarks evalu-
ate the ability of vision-language models (VLMs)
to assess and explain toxicity, in relation to their tar-
gets (Pramanick et al., 2021b), entity roles (Sharma
et al., 2022b), background knowledge (Bhowmick
et al., 2021), and emotions (Alzu’bi et al., 2023).
Other benchmarks aim at a more comprehensive
set of features (Nguyen et al., 2025), or alignment
with human values (Lin et al., 2024).

Two limitations of prior work emerge. First, as

3759



Table 1: Meme dimensions have been sparsely addressed in prior work, lacking a comprehensive view. We
summarise the most relevant works overlapping with our evaluation framework and M-QUEST benchmark. See
Appendix for the extended Table 4 with 40 analysed works.
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(Hee et al., 2023) ✓ ✓ ✓ × ✓ ✓ ✓ ✓ × ×
(Qu et al., 2022) ✓ ✓ ✓ ✓ ✓ ✓ ✓ × × ✓
(Rajput et al., 2022) ✓ ✓ ✓ × × × × × × ×
(Gasparini et al., 2022) ✓ ✓ × × × ✓ × ✓ × ×
(Ramamoorthy et al., 2022) × ✓ ✓ ✓ × ✓ ✓ × × ×
(Kiela et al., 2020) ✓ ✓ ✓ × × ✓ × ✓ × ×
(Hee et al., 2023) ✓ ✓ ✓ × ✓ × ✓ ✓ × ×
(Fersini et al., 2022) ✓ ✓ ✓ × × × × × × ×
(Sharma et al., 2022a) ✓ ✓ ✓ ✓ ✓ × × ✓ × ×
(Nguyen et al., 2025) × ✓ ✓ × ✓ ✓ ✓ ✓ × ×

M-QUEST (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

shown in Table 1, evaluation dimensions across
meme toxicity benchmarks remain discrepant and
seemingly ad-hoc, highlighting the need for com-
prehensive frameworks grounded in theoretical con-
ceptualizations (Bollici et al., 2026). Second, there
is a lack of separation between toxicity identifi-
cation and reasoning: analogously to work that
separates perception from reasoning (Jiang et al.,
2024), principled evaluation must isolate individual
toxicity causes to expose the granular capabilities
and limitations of state-of-the-art VLMs.

To that end, we provide a comprehensive frame-
work for connecting the toxicity of internet memes
to underlying semantic dimensions and assess-
ing the ability of VLMs to analyze and explain
toxicity through these dimensions. Our contri-
bution is threefold: 1. A framework that for-
malizes and operationalizes a comprehensive set
of 10 dimensions, providing a semantic map of
the features in existing literature. 2. A com-
positional benchmark called M-QUEST with
1,109 paired multiple-choice questions about
the toxicity and its underlying reasons of 307
memes.1 M-QUEST is divided in two sub-
sets: M-QUEST-qwen and M-QUEST-gemini,
respectively built using Qwen3-VL-8B-Instruct,
and Gemini3.6-Flash, and is built semi-automat-
ically by combining our framework dimensions,
the divergent generative abilities of VLMs, and the
common sense of human judges. 3. An empirical
analysis of the granular performance of 10 diverse

1https://huggingface.co/datasets/vulr/M-QUEST

open-weight and 2 closed proprietary VLMs on the
10 dimensions of M-QUEST.

2 Related Works

As apparent in Table 1, existing toxicity work has
focused on only a few dimensions beyond Textual
and Visual Material. Our framework subsumes all
of these while introducing Semiotic Projection -
identifying which meme element the observer or
external entities are projected onto - as a novel
contribution absent from prior research on memes.
We present benchmarks and approaches that
ground our framework. More specific references
for each dimension are given in Section 3.

Meme Benchmarks Several benchmarks ad-
dress meme toxicity subtasks (Table 1).2 The
Hateful Memes challenge (Kiela et al., 2020) is
a foundational and widely used benchmark to date.
Gasparini et al. (2022) target misogyny specif-
ically (800 memes), as does MAMI SemEval-
2022 (Fersini et al., 2022), which adds misogyny
subclassification. MOMENTA (Pramanick et al.,
2021b) classifies meme harmfulness and its target.
The GOAT-Benchmark (Lin et al., 2024) covers
6,000 memes across five hate speech types (hate-
fulness, misogyny, offensiveness, sarcasm, harmful
content) via binary classification. The closest to our
work is MemeQA (Nguyen et al., 2025), compris-
ing 9, 000 human-curated multiple-choice Q&A
across seven dimensions.

2See (Pandiani et al., 2025) for a comprehensive survey.
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Our benchmark M-QUEST subsumes a broader
set of dimensions than all prior work, including
MemeQA. It provides a more granular analysis by
explicitly representing relations among elements
within each dimension and across dimensions with
respect to toxicity. Finally, it is compositional: tox-
icity labels are systematically linked to explanation
questions drawn from the other nine dimensions.

3 Framework of Meme Dimensions

Table 1 consolidates the key semantic dimensions
considered in prior work on meme toxicity and
related tasks, highlighting that they have been con-
sidered in seemingly arbitrary subsets, lacking a
comprehensive view. Based on this body of work,
we design a framework including 10 dimensions.
These dimensions represent cognitive elements em-
ployed in the sense-making process of understand-
ing a meme and its toxicity. We now describe and
motivate each dimension.

Toxicity Harmful, offensive, or problematic con-
tent in the meme. Following (Pandiani et al., 2025),
we distinguish six subtypes: Abuse (threats or
abuse toward individuals or communities), Cyber-
bullying (mocking based on protected characteris-
tics), Harmfulness (potential to harm individuals,
organizations, or society), Hatefulness (direct or
indirect attacks based on protected characteristics),
Misogyny (hate targeting women), and Propaganda
(content designed to influence opinions or actions
toward a goal). Our notion of toxicity is linked to -
and grounded in - all other 9 dimensions.

Textual Material Any visible text in the meme.
Virtually all meme analysis works incorporate this
component, focusing on captions, overlay text, and
speech bubbles, particularly those focused on hate
speech detection (Rajput et al., 2022; Bhandari
et al., 2023; Kiela et al., 2020). Our notion includes
also diegetic text (any text that exists within the
meme image).

Visual Material Any visual entity in the meme:
people, objects, characters, graphics, and salient vi-
sual elements. Alongside Textual Material, it is the
most prevalent dimension; several works analyze
both jointly (Zhang et al., 2023; Sabat et al., 2019;
Badour and Brown, 2021). Rather than treating
memes as images with embedded text (Bhandari
et al., 2023), our approach integrates both modali-
ties in a unified Knowledge Base (KB).

Scene The meaningful interpretation of how vi-
sual entities relate to one another, encompassing
spatial arrangements, positioning, and layout. It
has been investigated to detect victims of hateful
memes (Sharma et al., 2022a) and for general mul-
timodal meme question answering (Agarwal et al.,
2024). Our notion subsumes relational knowledge
about interactions of visual entities, with the scope
of making sense of visual clues (e.g. starting from
identifying person, spoon and kitchen, we build
in the KB the scene “person cooking” taking as
roles the above mentioned visual entities).

Background Knowledge Any external knowl-
edge required to interpret the meme that is not
directly observable. Our notion subsumes public
personas (Bhowmick et al., 2021), contextual in-
formation (Shang et al., 2021b), factual correct-
ness (Jabiyev et al., 2021), real-world named enti-
ties (Sharma et al., 2022a) and social entities (Pra-
manick et al., 2021a). It expands over specific
groups (Qu et al., 2023), while extending coverage
to general stereotypes, events, concepts, beliefs,
and implicit references (e.g., actor names, histori-
cal events, political parties, cultural phenomena, or
fictional references).

Overall Intent The communicative purpose be-
hind the meme. The Overall Intent determines
underlying reasons (Hee et al., 2023) for which
a meme is meant to be toxic, political, nonsen-
sical, etc. Our notion thus incorporates DisIn-
foMeme’s focus on intentional misinformation (Qu
et al., 2022) and Agarwal et al. (2024)’s notion
of intended effects, expanding over Nguyen et al.
(2025), further encompassing the meme’s creator
intentions, message goals, and purpose indicators.

Emotion Emotion conveyed by the meme. Sen-
timent analysis and emotion detection, are ob-
served in a considerable body of work analyz-
ing memes, including the Memotion 1.0 and 2.0
datasets (Sharma et al., 2020; Ramamoorthy et al.,
2022). They are often integrated as plain labels of
the meme (Maity et al., 2022), or to capture the
emotion conveyed by the meme’s visual or textual
component. Notably, the Misogyny Memes bench-
mark (Gasparini et al., 2022) incorporates emotions
among the features they encompass. Beyond using
emotion analysis to detect offensive intent (Ku-
mari et al., 2023; Alzu’bi et al., 2023), we include
neuro-physiological expressors: facial expressions,
emotional gestures, and affective language.
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Figure 1: M-QUEST-qwen framework: a meme is given as input to a VLM, which generates a Knowledge Base
(KB), used by a second VLM module to generate Q&A sets based on KB. Running example in Appendix A.3.

Target Community The intended audience or
community targeted by the meme. While prior
work on hateful memes focuses on specific individ-
uals targeted by the attack of the meme (Mathias
et al., 2021), being it towards individuals and orga-
nizations (Jha et al., 2024), or communities (Pra-
manick et al., 2021a,b), our notion broadens the
concept to include community markers, demo-
graphic cues, cultural references, and audience sig-
nals.

Semiotic Projection A novel dimension captur-
ing the projection of the meme observer onto a
meme element (typically visual, textual, or scene).
While prior work addresses narrative role projec-
tion - Hero, Villain, and Victim - onto meme ele-
ments (Sharma et al., 2022b; Bollici et al., 2026),
the semiotic triangle formed by (1) a visual entity,
(2) its role in the meme, and (3) the observer’s pro-
jection onto it remains underexplored. For instance,
in the Disaster Girl meme,3 the text Me juxtaposed
with the girl projects the observer onto an appar-
ently innocent character (the girl being a child)
whose smirk hints at complicity in the house on
fire in the background. The resulting inference is
a visual manifestation of Schadenfreude: pleasure
derived from another entity’s misfortune.

Analogical Mapping A mapping between two
meme entities - typically visual and textual - follow-

3https://knowyourmeme.com/memes/disaster-girl

ing the pattern X is Y. Inspired by analogical think-
ing (Holyoak and Thagard, 1996), the Structure-
Mapping Engine (Forbus et al., 2017), and cogni-
tive metaphor theory (Lakoff and Johnson, 2024),
we unify analogical and metaphorical mappings
under a single dimension. For instance, the text
Me juxtaposed with a perplexed child, maps Me
onto child being perplexed, yielding I am per-
plexed.4 Spatial proximity commonly signals such
mappings. A notable work investigating this dimen-
sion is Met-meme (Xu et al., 2022), a multimodal
dataset rich in metaphorical features. More princi-
pled theoretical proposals (Bollici et al., 2026) and
ontologies (Tommasini et al., 2023; Martinez Pan-
diani et al., 2025) are emerging, although to date
they have not been operationalized into practical
benchmarks or methods, and the explicit focus on
mapping structure and semantic gain is a novelty
of this work.

4 M-QUEST Benchmark Construction

In this section, we describe our semi-automatic
benchmark construction method, starting with auto-
matic Q&A generation, followed by human valida-
tion. Finally, we describe the resulting benchmark
statistics. We implemented this method with two
models: Qwen3-VL-8B-Instruct, and Gemini3.6-
Flash, obtaining respectively two benchmark sub-
sets: M-QUEST-qwen and M-QUEST-gemini.

4https://en.wikipedia.org/wiki/Side_Eyeing_
Chloe
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Table 2: Q&As distribution across dimensions for different benchmark subsets. M-QUEST-qwen is generated
from an initial toxicity-focused set of 307 memes, later extended with additional dimension-specific Q&As; M-
QUEST-gemini is generated from a subset of 232 memes out of the M-QUEST-qwen’s 307. For more details
about M-QUESTcomposition see Appendix A.4.

M-QUEST Toxicity Textual Visual Scene Background Overall Emotion Analogical Target Semiotic Unique Total Avg. Q&As
subset Material Material Knowledge Intent Mapping Community Projection Questions Memes

-qwen 307 45 49 44 35 35 30 28 20 16 609 307 1.98
-gemini 50 50 50 50 50 50 50 50 50 50 500 232 2.16

M-QUEST 357 95 99 94 85 85 80 78 70 66 1109 307 3.61

4.1 Automatic Q&A Generation

Automatic benchmark creation consists of two
steps shown in Fig. 1: Knowledge Extraction and
Q&A Generation.

Knowledge Extraction (KE) The entire frame-
work is modular and component-agnostic. We pro-
cess one meme at a time, extracting knowledge per
dimension using our Dimensions Framework (§3)
coupled with the VLM (Qwen3-VL-8b-Instruct for
M-QUEST-qwen, and Gemini3.6-Flash for M-
QUEST-gemini). Each VLM call receives the di-
mension definition integrated in the prompt and
the meme as a .png file, yielding one knowledge
base entry per dimension. Examples are shown in
Fig. 1 (KE Snippet). Prompts follow a fixed or-
der, as in Table 5, Appendix A.3: basic dimensions
first (Textual and Visual Material), then dependent
ones (Scene), and finally those with complex inter-
dimensional relations (Analogical Mapping, Semi-
otic Projection). At each step, previously extracted
knowledge is included in the prompt, ensuring con-
sistency and shared anchoring points across dimen-
sions. The output is a comprehensive KB about
the meme and its toxicity, according to the dimen-
sions described in Section 3. A worked example is
provided in Appendix A.3.

Candidate Q&A Generation Using the ex-
tracted knowledge, the VLM generates N ques-
tions per dimension, each with four answers: one
correct, one plausible distractor, one implausible
distractor, and a fixed “None of the others” option.
Correct answer positions is balanced to avoid po-
sitional bias: for M-QUEST-qwen is A: 25.45%,
B: 26.44%, C: 24.47%, D: 23.65%, while for M-
QUEST-gemini is 25% for all answers, and a brief
explanation accompanies each correct answer. Ad-
ditional details are provided in Appendix A.4. The
inputs to the VLM are the dimension definition,
the previously extracted knowledge, and the meme
image (Fig. 1).

Outcome We randomly selected 1,000 memes
from the Hateful Memes dataset (Kiela et al., 2020).
This dataset was selected for: 1. being widely
adopted in previous harmful memes research, 2. in-
cluding memes from different domains (e.g., Covid
pandemics, elections) and 3. covering multiple
types of toxicity (e.g., harmful, misogyny, etc.).
Our KE step generates one KB per meme (statistics
in Fig. 3). Creating one question per dimension
yields 10,000 candidate Q&As in total (1 question
× 10 dimensions × 1,000 memes).

4.2 Manual Data Validation
Human Validation Task Design Since our pri-
mary focus is toxicity, human judges validated the
KBs and Q&A pairs for this dimension via a cus-
tom interface (Fig. 8). Per meme, judges evalu-
ated up to six fields: (1) plausibility of the toxic-
ity assessment; (2) if a toxicity-linked KB existed,
plausibility of the associated element’s assessment;
(3–4) whether the toxicity-derived question was
on point and its correct answer plausible; (5–6)
the same two judgments for the question derived
from the toxicity-linked element. This results in
a minimum of one annotation per meme (toxicity
question plausibility) and a maximum of six.

Outcome Fourteen annotators (9 male, 5 female),
all familiar with LLMs, KBs, and memes, vali-
dated 1,000 memes in total, generated by the Qwen
VLM, focusing on the Toxicity dimension. In
307 cases, both the question and correct answer
were positively validated, forming an intermediate
dataset called ToxM-QUEST-qwen. To cover all
dimensions, we sampled 50 additional questions
per dimension from the 307 ToxM-QUEST-qwen
memes and subjected them to human validation:
59.33% of memes received positive validation for
both questions. Approval rates were highest for
fundamental dimensions – Scene, Textual, and Vi-
sual Material (74–76%) – and lowest for Semi-
otic Projection and Target Community (32% and
40%, respectively). Inter Annotation Agreement
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(IAA) is measured on 50-meme batches across
two tasks: Toxicity Assessment (if the meme is
toxic), and Q&A Plausibility (if the proposed ques-
tion is pertinent, if the correct answer is actually
correct, and if the distractors match the desired
structure of plausible-not plausibile-None of the
above). For Toxicity Assessment: pairwise Co-
hen’s κ ∈ [0.066, 0.387], Fleiss’ κ = 0.158, nom-
inal α = 0.160. For Answer Plausibility: pair-
wise κ ∈ [0, 0.250], Fleiss’ κ = 0.075, nominal
α = 0.060. Further details about the human valida-
tion of M-QUEST-qwen are provided in Appendix
A.6. Subsequently, the Q&A pairs generated by
Gemini for the same 307 memes were also vali-
dated by one of the human judges following the
same setup, resulting in M-QUEST-gemini.

4.3 M-QUEST
Key Statistics Table 2 summarizes the result-
ing benchmark M-QUEST, which comprises 1109
Q&A pairs for 307 memes – more than three ques-
tions per meme on average: one toxicity question
is always present, while at least another reason-
ing question depends on the connection between
the reasoning question and the toxicity one. The
reasoning questions in M-QUEST-qwen are rela-
tively balanced across the nine dimensions, rang-
ing from 16 (Semiotic Projection) to 35 (Visual
Material, Textual Material, Scene), while for M-
QUEST-gemini they are perfectly balanced at 50
per dimension.

Release and Licensing Following Meta’s license
on the Hateful Memes dataset, the M-QUEST HF
repository includes generated graphs, human an-
notations, and Q&A pairs for 1,000 memes, but
not the images themselves. The images can be re-
quested from the Hateful Memes challenge reposi-
tory,5 while the alignment is ensured via the origi-
nal IDs.

5 Evaluation

Next, we conduct benchmarking experiments to
gauge the performance of current state-of-the-art
(SoTA) VLMs on M-QUEST. We present our ex-
perimental setup, followed by the results obtained
and a qualitative analysis.

5.1 Experimental Setup
Evaluation Metrics We report Q&A accuracy
(percentage of correctly answered questions), both

5https://ai.meta.com/tools/hatefulmemes/

Table 3: Accuracy of VLMs on M-QUEST, compar-
ing the Qwen-generated and Gemini-generated bench-
mark subsets: accuracy for All questions, grouped
per meme (T+R), Toxicity accuracy, and combined
Reasoning accuracy across other dimensions, along with
the Macro-Average. Models are grouped by capability.

VLM Al
l G
ro

up
(T

+R
)

T
on

ly

R
on

ly

M
ac

ro
Av

g.

M-QUEST-qwen

Perception-focused
BLIP2-Flan-T5-xl 13.2 12.3 14.7 14.7 14.3
Pixtral-12B 70.3 60.6 72.0 54.7 57.4

Instruction-tuned
InstructBLIP-Vicuna-7B 22.9 18.7 22.8 17.8 20.6
FastVLM 1.5B 32.5 14.0 31.1 37.7 34.3
FastVLM 7B 44.0 19.9 35.1 53.0 48.6

Reasoning-oriented
LLaVA-v1.6-Vicuna-7B 47.3 46.8 50.2 40.2 41.5
LLaVA-v1.5-7B 56.8 53.4 54.7 70.4 68.3

Instruction-tuned + reasoning
Qwen3-VL-8B 83.8 78.3 80.1 95.3 94.3
Qwen2.5-VL-7B 86.4 83.3 86.6 94.7 93.3
Qwen2-VL-7B 85.6 82.3 84.4 94.7 93.8

Proprietary
Claude-Opus-5 90.5 88.0 90.6 90.3 90.3
Gemini-3.5-Flash-Lite 83.1 71.3 79.5 86.8 84.9

Human baseline
Human annotation 82.8 78.3 87.0 79.2 82.9

M-QUEST-gemini

Perception-focused
BLIP2-Flan-T5-xl 82.4 70.7 94.0 81.1 82.4
Pixtral-12B 91.8 84.5 96.0 91.3 91.8

Instruction-tuned
InstructBLIP-Vicuna-7B 36.0 14.2 42.0 35.3 36.0
FastVLM-1.5B 62.6 40.5 58.0 63.1 62.6
FastVLM-7B 80.8 65.9 72.0 81.8 80.8

Reasoning-oriented
LLaVA-1.6-Vicuna-7B 45.4 26.7 38.0 46.2 45.4
LLaVA-1.5-7B 38.0 17.2 42.0 37.6 38.0

Instruction-tuned + reasoning
Qwen3-VL-8B-Instruct 95.2 90.5 98.0 94.9 95.2
Qwen2.5-VL-7B-Instruct 81.2 65.9 90.0 80.2 81.2
Qwen2-VL-7B-Instruct 64.6 41.8 88.0 62.0 64.6

Proprietary
Claude-Opus-5 98.8 97.4 100.0 98.7 98.8
Gemini-3.5-Flash-Lite 94.8 89.7 100.0 94.2 94.8

Human baseline
Human annotation 89.0 87.8 100.0 87.8 89.0

overall and per dimension. For memes with both
a toxicity and a reasoning question, we com-
pute group accuracy – whether a model answers
both correctly, i.e., whether model answers cor-
rectly about toxicity for the right reasons. Perfor-
mance across dimensions is summarized via macro-
average (unweighted mean). This setup enables
both overall comparison and fine-grained identifi-
cation of each VLM’s strengths and weaknesses.

Models We evaluate 10 open-source and 2 pro-
prietary VLMs spanning four capability profiles:
Perception-focused (no instruction tuning or ad-
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Figure 2: Accuracy of VLMs across dimensions of M-QUEST-qwen: BLIP2-Flan-T5-xl, InstructBLIP-Vicuna-
7B, FastVLM-7B, FastVLM-1.5B, LLaVA-v1.6-Vicuna, LLaVA-v1.5, Pixtral-12B, Qwen3-VL-8B-
Instruct, Qwen2-VL-7B-Instruct, Qwen2.5-VL-7B-Instruct, Claude-Opus-5, Gemini-3.5-Flash-Lite.

vanced reasoning): BLIP2-Flan-T5-xl (Li et al.,
2023) and Pixtral-12B (Agrawal et al., 2024);
Instruction-tuned: InstructBLIP-Vicuna-7B (Dai
et al., 2023), FastVLM-1.5B/7B (Vasu et al.,
2025); Reasoning-oriented: LLaVA-v1.5 (Liu
et al., 2024a) and LLaVA-v1.6-Vicuna (Liu et al.,
2024b); Instruction-tuned with reasoning: Qwen2-
VL-7B (Wang et al., 2024), Qwen2.5-VL-7B (Bai
et al., 2025b), Qwen3-VL-8B-Instruct (Bai et al.,
2025a), Claude Opus 5 (Anthropic, 2026), and
Gemini3.5-Flash-Lite (Google DeepMind, 2026).

Implementation Details All models are
evaluated zero-shot with greedy decoding
(temperature=0, top-p=1.0). For multiple-
choice questions, the answer choice is generated
first (stopping upon a valid option), followed by
the CoT explanation (terminated naturally by the
end-of-sequence token). All experiments were run
on a single H100 GPU, taking approximately 10
hours in total.

5.2 Results
Performance Analysis As shown in Table 3, ac-
curacy on M-QUEST-qwen ranges from below
chance to 86% for open-weight models, 90% for
proprietary models. Reasoning dimensions con-
sistently score higher than toxicity-related ones,
suggesting that explicit visual or textual reason-
ing, scene understanding, and background knowl-
edge interpretation are easier than inferring latent
toxic intent. Notably, Qwen models approach near-
perfect accuracy on reasoning questions when tox-
icity is excluded. Still, performance drops when
implicit inference is required as shown in Fig. 2,
underscoring that latent semantic understanding
across modalities is systematically harder than
surface-level cue matching.

Substantial differences emerge across model
families. BLIP2-Flan-T5-xl and InstructBLIP-

Vicuna-7B fall below random chance, reflecting
limited instruction tuning. FastVLM-1.5B and 7B
achieve moderate scores, capturing basic visual fea-
tures but lacking the multimodal alignment needed
for relational reasoning. Within the LLaVA fam-
ily, v1.5 outperforms v1.6-Vicuna, showing that
instruction tuning differences matter even when the
vision encoder family is similar. Pixtral-12B bene-
fits from a CLIP encoder’s semantically rich repre-
sentations. Interestingly, Qwen2.5-VL-7B slightly
surpasses Qwen3-VL-8B, suggesting that model
size alone is not decisive; rather, models optimized
for complex multi-step reasoning may occasionally
overreason, leading to slightly lower accuracy in
this setting.

These trends are explained by two key factors.
Instruction tuning enables models to align textual
cues with visual information, while reasoning ca-
pability supports multi-step inference over contex-
tual relationships. Models lacking both (BLIP2)
struggle the most; instruction tuning alone (Instruct-
BLIP) yields only moderate gains; and models com-
bining both (Qwen family) achieve the strongest
overall performance. This suggests that while rea-
soning capability is essential for interpreting com-
plex meme semantics, excessive reasoning may
introduce inefficiencies when tasks require only
shallow inference.

Table 3 also reports results on M-QUEST-
gemini. Accuracy is consistently higher across
nearly all VLMs than on M-QUEST-qwen, most
notably on Toxicity, where several models and the
human baseline approach or reach 100%, suggest-
ing item difficulty is sensitive to the model used dur-
ing knowledge extraction. Rankings shift slightly
(e.g., Qwen3-VL-8B overtakes Qwen2.5-VL-7B),
but proprietary models retain a comparable lead
over open-weight ones in both settings, indicating
this gap is a stable property of the models rather
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than the benchmark variant.
In the rest of §5, we focus on M-QUEST-qwen,

for more details on M-QUEST-gemini see Ap-
pendix A.5.

Performance Across Evaluation Dimensions
Group accuracy (correctly answering both the Rea-
soning and Toxicity questions for the same meme)
reflects cross-dimensional consistency rather than
isolated task performance. As shown in Table 3,
group accuracy is generally lower than reason-
ing and toxicity accuracy, indicating that aligning
Reasoning outcomes with Toxicity judgments re-
mains challenging. Weak models (BLIP2, Instruct-
BLIP) show low group accuracy due to limited
multimodal alignment. Stronger models achieve
higher group accuracy, suggesting improved cross-
dimensional consistency when reasoning about the
meme and evaluating its toxicity within the same
context.

Per-dimension analysis (Fig. 2) reveals consis-
tent patterns. Qwen models achieve near-perfect
accuracy on perceptual dimensions (Scene, Vi-
sual Material) but weaker performance on latent
relational dimensions (Toxicity, Overall Intent).
LLaVA-v1.5 follows a similar pattern. BLIP2
and InstructBLIP represent the lower bound across
most dimensions, failing to capture implicit vision–
text relationships. Notably, Qwen-family mod-
els achieve near-perfect accuracy on Background
Knowledge, suggesting that well-aligned instruc-
tion tuning enables effective external knowledge
retrieval. Overall, accurate perceptual recognition
alone does not guarantee strong performance on
latent relational dimensions; effective instruction
tuning and multimodal reasoning remain essential
for robust pragmatic inference.

Implications The results highlight four key im-
plications. First, multimodal alignment and rea-
soning quality matter more than model size. Sec-
ond, models with stronger multimodal represen-
tations achieve consistently higher performance,
highlighting the importance of semantically rich
visual–textual representations for socially complex
content: improved semantic grounding could sub-
stantially benefit toxicity analysis. Third, the gains
from combining instruction tuning with reasoning
training confirm that toxic meme understanding
is reasoning-intensive: accurately inferring toxic
intent requires integrating visual, textual, and con-
textual cues, which models lacking reasoning ca-
pability fail to capture. Each question is evaluated

in an isolated chat session, reasoning traces of ad-
vanced models suggest that answer selection relies
on dimension-relevant meme understanding, rather
than superficial cues. Finally, while current VLMs
are approaching saturation on surface-level visual
dimensions, latent intent and toxicity remain chal-
lenging: a critical gap for real-world deployment,
where subtle harmful content remains most likely
to be missed.

5.3 Qualitative Analysis

VLM Comparison on Toxicity Reasoning For
the meme in Fig. 1, Box 1 presents a case study
comparing four CoT-capable models with increas-
ing performance on the same meme.

Box 1 – Q: This meme’s message targets which group?

InstructBLIP-Vicuna-7B CoT
The meme targets the group of people who are being accused
of being terrorists, which is the group of Muslims or
Middle Easterners. The meme is making a joke by saying
“trust me, they’re not terrorists” and is poking fun at
the stereotype that all camels are terrorists.

LLava-1.6-Vicuna CoT
The text above the camels reads “trust me... they’re

all terrorists” which is a statement that is often used
to stereotype and demonize Muslims or Middle Easterners.
The humor in the meme is derived from the absurdity of
camels being terrorists, which is a play on the idea that
all Muslims are terrorists. The meme’s message targets
a specific group, which is Muslims or Middle Easterners,
as it uses a stereotype to make a joke. The humor is
derived from the absurdity of the situation, but it is
important to recognize that such stereotypes are harmful
and perpetuate negative attitudes towards a specific group
of people.

Pixtral-12B CoT ✓
The meme uses a stereotype about camels being associated
with the Middle East or desert regions. The phrase
“they’re all terrorists” is a generalization that implies
all members of a certain group are terrorists, which is
a derogatory and offensive statement. The context and
the visual elements (camels in a desert) strongly suggest
that the meme is targeting individuals from the Middle
East or Muslims.

Qwen3-VL-8B-Instruct CoT ✓
The word “terrorists” is a highly charged term

historically and politically associated with acts of
violence, particularly those committed by individuals or
groups from specific regions or religions; most notably,
in Western discourse, often linked to Muslims or Middle
Easterners. The meme uses camels, animals often culturally
associated with the Middle East, as the speakers’ of this
harmful generalization. [...] The target of the meme’s
message is therefore the group that the word “terrorists”
is being applied to in a sweeping, unjust manner, which,
in this context, is Muslims or Middle Easterners, as that
is the most common and historically charged association
with the term in global discourse.

InstructBLIP correctly flags hateful group dy-
namics, but misses the symbolic camel–Muslim
association, treating the text as directly describing
the visual content. LLaVA-1.6 reaches the same
conclusion, again reducing the meme to “camels as
terrorists” without deeper inference. Pixtral-12B
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draws the correct connection between the visual
entity (camel) and the target group (Muslims) via
background knowledge, and correctly identifies the
meme as perpetuating a harmful stereotype. Qwen3
provides the most nuanced interpretation, contextu-
alizing “terrorist” both semantically and culturally,
and building a layered, consistent reading that cor-
rectly identifies the adoption of a harmful stereo-
type.

VLM Behavior Across Dimensions Fig. 10
illustrates how Qwen 2/2.5/3 reason differently
across dimensions on the same meme. On the
Scene dimension, all models correctly identify the
salient visual elements (individuals in fruit cos-
tumes, people walking along a street) and infer
the depicted activities. On the Toxicity dimension,
however, all models incorrectly interpret the meme
as implying fruit scarcity in Africa, missing its clas-
sification as false equivalence: the meme conflates
dietary patterns with quality of life, reinforcing
colonialist stereotypes.

These results reveal a recurring vulnerability:
models performing adequately on unimodal or
perceptual dimensions frequently fail when multi-
modal cue synthesis is required for toxicity assess-
ment. LLaVA and Qwen3 show stronger recogni-
tion of implicit social critique and ironic framing,
while earlier Qwen iterations exhibit a literal in-
terpretation bias. These findings underscore the
need for multi-dimensional evaluation to compre-
hensively assess VLMs’ capacity for nuanced mul-
timodal reasoning.

6 Conclusions and Future Works

This paper studied the ability of state-of-the-art
open-weight VLMs to assess toxicity and support
their decisions by principled reasoning. To this
end, we designed a semantic framework that con-
solidates 10 dimensions from prior work, including
the understudied dimensions of analogical map-
ping and semiotic projection. Then, we designed a
compositional benchmark, M-QUEST, with 307
memes and 1, 109 questions, focusing on toxic-
ity and its grounding in the interpretation of a
second key dimension for each meme. Our ex-
periments with 12 VLMs revealed substantial and
systematic differences in the model performance.
Models that incorporate instruction-tuning and rea-
soning significantly outperformed the others, es-
pecially on inference dimensions. This analysis
revealed that meme toxicity assessment is an in-

herently knowledge-and reasoning-intensive task
that requires rich multimodal representations, in-
tent modeling, and commonsense reasoning. A key
future direction is to extend the benchmark with di-
mensions that can further capture nuance in annota-
tor judgments, namely, more granular background
knowledge (Ilievski, 2024) and considerations of
morality, culture, and legality (Forbes et al., 2020).

A key strength of M-QUEST is its structural
composition into 10 literature-derived dimensions,
extracted in a staged process; difficulty correlates
with extraction order, suggesting a principled path
for scaling benchmark difficulty without an ad hoc
notion of “complexity”—future work can simply
combine two or more existing dimensions within a
single question, leveraging the compositional struc-
ture already present in the annotation schema.

We envision two complementary combination
strategies. Co-location questions jointly draw on
multiple dimensions without an explicit relation-
ship between them, e.g., referencing both a visual
element and an accompanying textual span. Inter-
action questions instead require reasoning across
dimensions that are mutually dependent or spa-
tially/semantically entangled, e.g., identifying an
emotion expressed in a specific image region, or lo-
calizing toxicity arising from the interplay between
an image region and its associated textual material.
Co-location thus tests integration of independent
signals, while interaction checks for deeper compo-
sitional and grounding capabilities, since the target
phenomenon emerges only from the relationship
between dimensions rather than from either alone.
We envision the dimension-combination strategy
as a promising direction for building increasingly
challenging benchmark variants in an interpretable
manner, since difficulty can be scaled and directly
characterized by the number and types of dimen-
sions combined.
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7 Limitations

Benchmark Size and Languages M-
QUEST comprises 1109 questions in total:
609 for M-QUEST-qwen (of which 307 on
toxicity, 16–49 per other semantic dimension),
and 500 for M-QUEST-gemini (of which 50 per
each dimension). Its limited size may constrain
the generalisability of the findings. Similarly, its
findings are based on English memes and may not
fully extend to other languages. Expanding both
the scale and linguistic diversity of M-QUEST is
a key future direction.

Annotator Effects Human validation is inher-
ently influenced by annotators’ values, culture, and
background. Our 14 judges are LLM-familiar sci-
entists primarily of European origin, whose ap-
proval decisions may not generalize to other pop-
ulations. Validation rates (Fig. 6) are further af-
fected by cultural misalignment with the origi-
nal memes, many of which reference US politics
and everyday situations. Characterizing annotator
(dis)agreement and its sources remains an impor-
tant direction for future work.

Framework Design Our framework is built
bottom-up by surveying existing semantic frame-
works for memes. Consequently, dimensions such
as target metadata (Tommasini et al., 2023), tem-
plate configurations (Bates et al., 2025), and con-
siderations of morality, ethics, culture, and legal-
ity (Forbes et al., 2020) are not included but warrant
inclusion in future extensions. Alternative design
approaches (e.g., combining top-down theoretical
frameworks with bottom-up benchmark analysis)
remain an important direction for future work.
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8 Ethical Considerations

This work involves the analysis and automated pro-
cessing of toxic internet memes, including content
that may be harmful, offensive, or distressing. We
acknowledge several ethical considerations. We
further added a disclaimer after the Abstract.

Dataset and Content M-QUEST is derived
from the Hateful Memes dataset (Kiela et al., 2020),
which contains content that is intentionally hate-
ful, offensive, or toxic. We do not redistribute
the meme images, requiring users to obtain them
directly from the original source in accordance
with Meta’s license. Researchers accessing M-
QUEST should be aware of the potentially dis-
tressing nature of the content.

Annotator Welfare Our 14 human annotators
were exposed to toxic and hateful content as part of
the validation process. Annotators were informed
of the nature of the task prior to participation and
provided consent. We recommend that future anno-
tation efforts involving similar content implement
structured exposure limits and access to psycholog-
ical support.

Annotator Bias As noted in Section 7, our an-
notators are primarily of European origin with fa-
miliarity with LLMs and memes. Their judgments
may not be representative of broader or more di-
verse populations, and cultural misalignment with
the predominantly American cultural references in
the dataset may have influenced validation rates.

Dual-Use Risk While our framework is designed
to advance toxicity detection, the dimensions and
knowledge extraction pipeline could in principle be
repurposed to assist in the creation of more effec-
tive toxic memes. We encourage responsible use of
this framework strictly for detection, moderation,
and research purposes.

Model Evaluation The VLMs evaluated in this
work may themselves produce harmful or biased
outputs when processing toxic content. Our evalu-
ation is conducted in a controlled research setting
and is not intended to endorse or promote any spe-
cific model for deployment in content moderation
systems without further safety evaluation.

Scope of Toxicity Our operationalization of tox-
icity follows (Pandiani et al., 2025) and is inher-
ently partial. Definitions of harmful content are
culturally situated and may not generalise across

languages, communities, or legal jurisdictions. M-
QUEST should not be treated as a definitive or
universal standard for toxicity classification.

Use of Language Models Claude Sonnet 4.6 and
Claude Sonnet 5 were used solely for English proof-
reading and language checking of this paper. All
VLMs mentioned in Section 5.1 were used exclu-
sively for the benchmark evaluation tasks described
in the paper, and no generative model was used to
produce the scientific content of this work.
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9 Responsible NLP Research Checklist

A1. Did you describe the limitations of your
work? Yes, in the dedicated Section 7 - Limita-
tions.

A2. Did you discuss any potential risks of your
work? Yes, in dedicated Section 8 - Ethical Con-
cerns.

B1. Did you cite the creators of artifacts you
used? We created a benchmark, which is pro-
vided as additional files. We do not disclose
the name of the creators in order not to violate
anonymity.

We reused the Hateful Memes existing dataset,
which is properly cited in the paper, and, according
to their material license, only a limited subset (max
100 images) of their data can be released publicly.
We fully comply with their license.

B2. Did you discuss the license or terms for use
and / or distribution of any artifacts? We dis-
cussed among us and we’ll be release it under CC-
BY 4.0 license when anonymity will be dropped,
after the review period.

B3. Did you discuss if your use of existing arti-
fact(s) was consistent with their intended use,
provided that it was specified? For the arti-
facts you create, do you specify intended use
and whether that is compatible with the original
access conditions (in particular, derivatives of
data accessed for research purposes should not
be used outside of research contexts)? Yes, our
use of existing artifacts is consistent.

Yes, we specify intended use and it is fully com-
patible with original resources.

B4. Did you discuss the steps taken to check
whether the data that was collected / used con-
tains any information that names or uniquely
identifies individual people or offensive content,
and the steps taken to protect / anonymize it?
This point does not apply to our work.

B5. Did you provide documentation of the arti-
facts, e.g., coverage of domains, languages, and
linguistic phenomena, demographic groups rep-
resented, etc.? Yes, in Section 2, and Section
4.3.

B6. Did you report relevant statistics like the
number of examples, details of train / test / dev
splits, etc. for the data that you used / created?

Yes, in Section 4.3, Section 5.1, and Section 5.3.
Additionally further insights are provided in Ap-
pendix.

C1. Did you report the number of parameters in
the models used, the total computational budget
(e.g., GPU hours), and computing infrastructure
used? Yes, in Section 5.1.

C2. Did you discuss the experimental setup, in-
cluding hyperparameter search and best-found
hyperparameter values? Yes, in Section 5.1.

C3. Did you report descriptive statistics about
your results (e.g., error bars around results, sum-
mary statistics from sets of experiments), and
is it transparent whether you are reporting the
max, mean, etc. or just a single run? Yes, in
Section 5.1, Section 5.3, and additionally in Ap-
pendix.

C4. If you used existing packages (e.g., for pre-
processing, for normalization, or for evaluation,
such as NLTK, Spacy, ROUGE, etc.), did you re-
port the implementation, model, and parameter
settings used? Yes, in Section 5.1 and Section 3.

D1. Did you report the full text of instructions
given to participants, including e.g., screenshots,
disclaimers of any risks to participants or anno-
tators, etc.? Yes, it is described in Section 5.1,
and screenshots are provided in Appendix.

D2. Did you report information about how
you recruited (e.g., crowdsourcing platform, stu-
dents) and paid participants, and discuss if such
payment is adequate given the participants’ de-
mographic (e.g., country of residence)? Yes,
annotators were volunteers, and we specify gender
and collective provenance, maintaining anonymity.

D3. Did you discuss whether and how consent
was obtained from people whose data you’re
using/curating? This point does not apply to our
work.

D4. Was the data collection protocol approved
(or determined exempt) by an ethics review
board? This point does not apply to our work.

D5. Did you report the basic demographic and
geographic characteristics of the annotator pop-
ulation that is the source of the data? Yes, in
Section 4.3.
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E1. If you used any AI assistants, did you in-
clude information about your use? Yes, in Sec-
tion 8.
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A Appendix

A.1 Overview of Toxicity Benchmarks

Table 4 provides an overview of toxicity work
through the lens of the dimensions in our frame-
work. Note that all of these dimensions, except
for the last one, are covered by our methodolog-
ical framework. The final dimension is template
structure, The Template feature is focused on repre-
senting the meme image’s structural organization.
Some example of Template patterns are: N-panels,
vertical or horizontal progression, layout templates
for X vs Y, dialogical organization, and struc-
tural patterns. Several previous works focus on
multi-faceted notions of meme templates (Sharma
et al., 2022a; Mathias et al., 2021; Pramanick et al.,
2021a,b). This dimension is not covered in the
current version of our framework; we detail possi-
ble related research paths in the Conclusions and
Future Works Section.

A.2 Additional Related Work: Theoretical
Frameworks Beyond Toxicity

Other research beyond toxicity benchmarks has
focused on capturing the semantics of internet
memes. Here, the Internet Meme Knowledge
Graph (IMKG) (Tommasini et al., 2023) mod-
els textual, visual, and external knowledge about
memes by connecting three sources. A key re-
source in IMKG is KnowYourMeme,6 which cat-
alogs internet meme templates and instances to-
gether with background knowledge on their emer-
gence. OnToxKG (Martinez Pandiani et al.,
2025) contributes an ontology-grounded knowl-
edge graph of nearly 800 symbols, and shows its
impact on downstream analysis of toxicity. Bollici
et al. (2026) operationalize the notion of narratives
in memes into 1) entities, roles, and social iden-
tities; 2) legitimation strategies; and 3) emerging
narratives. Pandiani et al. (2025) organize prior
work on toxicity in memes, yielding a taxonomy
of toxicity categories, and defining three core di-
mensions of toxicity: intent (why), tactic (how),
and target (who). Our semantic framework and
associated benchmark M-QUEST builds on these
theoretical insights to provide a practical tool for
characterizing hate speech via underlying semantic
dimensions and for evaluating the ability of VLMs
to discover such links automatically.

6https://knowyourmeme.com/

A.3 Running Example for our Extraction
Procedure

In the running example shown in Fig. 1, meme
05864.png from the Hateful Memes dataset depicts
three camels on in a desert-like scenario, with up-
per text: trust me..., followed by lower text:
...they’re all terrorists.

The meme is passed to the KE module, where
Qwen3-VL-8b-Instruct is prompted to extract the
dimensions sequentially. The prompt order is
shown in Table 5: Textual and visual dimensions
are extracted first, and the knowledge material is
stored and passed in the prompts for subsequent
dimensions. The output is a knowledge base. A
snippet of the generated Knowledge Base is shown
in Fig. 1. Among others, three dimensions are dis-
played: Toxicity, Overall Intent, and Background
Knowledge. The Toxicity is described as such: The
meme equates all camels (symbolizing Middle East-
erners or Muslims) with terrorism, which is a direct
attack on a protected group based on ethnicity and
religion. This is a clear example of Islamophobia
and hate speech.

Further knowledge extracted for Overall Intent
and Background Knowledge dimensions is shown
below Toxicity in Fig. 1.

The knowledge base is stored, and salient knowl-
edge material is passed to the Q&A Generation
component. For the Toxicity dimension, the above
mentioned chunk of text is passed, successfully
resulting in the question: This meme’s message
targets which group?, with the correct answer
(a4: Muslims or Middle Easterners) and dis-
tractors (a1: Camel owners only; a2: Animal
lovers everywhere; and a3: None of the
others). Finally, the provided explanation justifies
answer a4 as correct, identifying a mapping be-
tween camels and the term “terrorists,” with back-
ground knowledge reference to the stereotype of
Muslims being terrorists (possibly following the
9/11 terrorist attack).

Modularity and Component Agnosticism Note
that the entire framework is modular and
component-agnostic: the knowledge base can be
enriched with additional modules, such as refined
modules focused on emotions, adopting a theory-
driven approach and reusing well-established emo-
tion theories as in (Maity et al., 2022). The more
refined dimension definitions would then be used to
prompt the VLM. The neural component—in this
case a VLM—could be replaced with other spe-
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Table 4: Memes dimensions have been sparsely and non-systematically analysed. Here the full table of the 40
works grounding our framework used to build M-QUEST benchmark.
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(Hee et al., 2023) ✓ ✓ ✓ × ✓ ✓ ✓ ✓ × ×
(Bhowmick et al., 2021) ✓ ✓ ✓ × ✓ × ✓ ✓ × ×
(Nguyen et al., 2022) × ✓ ✓ × × × ✓ × × ×
(Shang et al., 2021b) ✓ ✓ ✓ ✓ × × ✓ × × ✓
(Qu et al., 2022) ✓ ✓ ✓ ✓ ✓ ✓ ✓ × × ✓
(Lin et al., 2024) ✓ ✓ ✓ × × × × ✓ × ×
(Rajput et al., 2022) ✓ ✓ ✓ × × × × × × ×
(Sabat et al., 2019) ✓ ✓ ✓ ✓ × × × × × ×
(Badour and Brown, 2021) ✓ ✓ ✓ ✓ × × × × × ×
(Shang et al., 2021a) ✓ ✓ ✓ ✓ ✓ ✓ ✓ × × ×
(Myilvahanan et al., 2023) × ✓ ✓ ✓ ✓ × × × × ✓
(Das and Mukherjee, 2023) ✓ ✓ ✓ × × ✓ ✓ ✓ × ×
(Gasparini et al., 2022) ✓ ✓ × × × ✓ × ✓ × ×
(Kumari et al., 2023) ✓ ✓ ✓ × × × ✓ ✓ × ×
(Kumari et al., 2024) × ✓ ✓ × × ✓ × ✓ × ×
(Sharma et al., 2022b) × ✓ ✓ ✓ ✓ × ✓ × × ×
(Mathias et al., 2021) ✓ ✓ ✓ × × ✓ ✓ ✓ × ×
(Phan et al., 2022) ✓ ✓ ✓ × × ✓ ✓ × × ×
(Jha et al., 2024) ✓ ✓ ✓ × × ✓ ✓ × × ✓
(Ramamoorthy et al., 2022) × ✓ ✓ ✓ × ✓ ✓ × × ×
(Xu et al., 2022) × × × × × ✓ ✓ × × ✓
(Pramanick et al., 2021b) ✓ ✓ ✓ × ✓ × × ✓ × ×
(Alzu’bi et al., 2023) ✓ ✓ ✓ × × × × × × ×
(Suryawanshi et al., 2020a) ✓ ✓ ✓ × × × × × × ✓
(Zhang et al., 2023) ✓ ✓ ✓ × ✓ × × × × ×
(Kiela et al., 2020) ✓ ✓ ✓ × × ✓ × ✓ × ×
(Sharma et al., 2020) ✓ ✓ ✓ × × ✓ ✓ × × ×
(Hee et al., 2023) ✓ ✓ ✓ × ✓ × ✓ ✓ × ×
(Suryawanshi et al., 2020b) ✓ ✓ ✓ × ✓ ✓ × × × ×
(Bacha et al., 2023) ✓ ✓ ✓ × ✓ × ✓ × × ×
(Bhowmick et al., 2021) ✓ ✓ ✓ × ✓ ✓ × × × ×
(Maity et al., 2022) ✓ ✓ ✓ × × × ✓ × × ×
(Fersini et al., 2022) ✓ ✓ ✓ × × × × × × ×
(Suryawanshi et al., 2023) ✓ ✓ ✓ × × ✓ × × × ×
(Bhandari et al., 2023) ✓ ✓ ✓ × ✓ ✓ × × × ×
(Pramanick et al., 2021a) ✓ ✓ ✓ × ✓ ✓ × ✓ × ×
(Dimitrov et al., 2021) ✓ ✓ ✓ × × ✓ ✓ × × ×
(Sharma et al., 2022a) ✓ ✓ ✓ ✓ ✓ × × ✓ × ×
(Qu et al., 2022) × ✓ ✓ × ✓ ✓ × × × ×
(Nguyen et al., 2025) × ✓ ✓ × ✓ ✓ ✓ ✓ × ×
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Figure 3: Total number of knowledge facts generated
for 1, 000 memes, and the number of knowledge facts
per dimension.

cialized components for specific tasks (e.g., emo-
tion extraction). Finally, the KB used for retrieval-
augmented generation can be substituted with one
(or more) focused on a more specific topic. We
used one focused on toxicity assessment here be-
cause it aligns with our scope.

Regarding the KE component, as shown in Fig.
3, the number of KBs generated per 1, 000 memes
is considerable, with at least one individual per di-
mension per meme, with notable exceptions being
Emotion and Toxicity. As expected, Background
Knowledge - the broadest dimension, encompass-
ing potentially any kind of object - is the most
prolific, generating five times as many individuals
compared to other dimensions.

A.4 Additional Benchmark Construction
Details

Table 6 details the composition of M-QUEST and
in particular of M-QUEST-qwen.

Answer “None of the above” placement is also
balanced: A: 23.15% | B: 25.45% | C: 23.48% |
D: 27.91%. By design, “None of the above” was
meant to be a distractor only, being the questions
generated starting from - and grounded in - the
knowledge extraction process.

A.5 M-QUEST-gemini Details
Fig. 4 details this models’ gap per dimension. Big-
ger models perform better, while the Qwen family
models remain consistently high-performing de-
spite their small size.

The per-dimension heatmap in Fig. 4 reveals
that model capability tiers are not uniformly sepa-
rated across all evaluation dimensions, but rather
diverge most sharply on dimensions requiring la-

tent or pragmatic inference. Overall Intent emerges
as the most uniformly difficult dimension: even
top-performing models show their largest within-
model drop here (Claude-Opus-5 gets to 96% and
Gemini-3.5-Flash-Lite to 82%, their lowest scores
across all ten dimensions), while weaker models
collapse most severely (InstructBLIP-Vicuna-7B at
20%, LLaVA-1.5-7B at 26%). By contrast, Textual
Material shows the widest overall range (from 14%
for LLaVA-1.5-7B to 100% for both proprietary
models), making it the single most discriminative
dimension for separating weak from strong models,
though it is not uniformly hard: several mid-tier
open models such as Pixtral-12B and Qwen3-VL-
8B-Instruct achieve near-ceiling accuracy on it.

A second pattern concerns capability-tier consis-
tency rather than raw score. Within the Instruction-
tuned + reasoning group (see Table 2), Qwen3-
VL-8B-Instruct dominates its smaller Qwen-family
models on perceptual dimensions (Visual Mate-
rial, Background Knowledge: both 100%) but the
gap narrows or reverses on Scene, where Qwen2.5-
VL-7B-Instruct (62%) and Qwen2-VL-7B-Instruct
(42%) trail Qwen3 by a wide margin, suggesting
that scene-level grounding benefits disproportion-
ately from the newer backbone rather than scaling
alone. The Reasoning-oriented group (LLaVA-1.5-
7B, LLaVA-1.6-Vicuna-7B) is the only tier that
fails to show a clear internal hierarchy, perform-
ing inconsistently across dimensions (e.g., LLaVA-
1.6 outperforms LLaVA-1.5 on Semiotic Projec-
tion and Analogical Mapping but underperforms it
on Scene and Target Community), indicating that
its instruction-tuning does not generalize evenly
across dimension types. Finally, the two propri-
etary models track each other closely across most
dimensions, with Gemini-3.5-Flash-Lite trailing
Claude-Opus-5 primarily on dimensions requiring
integrative judgment (Overall Intent, Semiotic Pro-
jection) rather than on perceptual ones, where the
two are statistically indistinguishable (both at 100%
on Toxicity, Textual Material, and Visual Material).

Overall, the qualitative trends from M-QUEST-
qwen, namely, the difficulty of latent toxicity rela-
tive to explicit reasoning, and the benefit of com-
bining instruction tuning with reasoning, hold on
M-QUEST-gemini as well, though their magni-
tude varies with the generating model.
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Table 5: Framework sequential extraction order and context dependencies across dimensions.

Step Dimension Receives Context From

1 OverallIntent None (extracted first)
2 TextualMaterial OverallIntent graph
3 VisualMaterial OverallIntent graph
4 Scene OverallIntent graph + VisualMaterial entities
5 BackgroundKnowledge OverallIntent graph + VisualMaterial, TextualMaterial, Scene entities
6 EmotionExpression OverallIntent graph + VisualMaterial, TextualMaterial, Scene,

BackgroundKnowledge entities
7 AnalogicalMapping OverallIntent graph + VisualMaterial, TextualMaterial, Scene,

BackgroundKnowledge, EmotionExpression entities
8 SemioticProjection OverallIntent graph + VisualMaterial, TextualMaterial, Scene,

BackgroundKnowledge, AnalogicalMapping entities
9 ToxicityAssessment OverallIntent graph + VisualMaterial, TextualMaterial, Scene,

BackgroundKnowledge, EmotionExpression, AnalogicalMapping,
SemioticProjection entities

10 TargetCommunity OverallIntent graph + VisualMaterial, TextualMaterial, Scene,
BackgroundKnowledge, AnalogicalMapping, ToxicityAssessment entities

Table 6: Q&As distribution across dimensions for different benchmark subsets. M-QUEST-qwen is in turn divided
in Tox-M-QUEST-qwen, focused on toxicity, and Gen-M-QUEST-qwen, about all the other dimensions. Being
focused on Toxicity, Tox-M-QUEST-qwen is the set providing memes to all other M-QUESTpartitions: it consists
of 307 memes, the number 180 for Gen-M-QUEST-qwen and 232 for M-QUEST-gemini in the “Unique Memes”
column, should be interpreted as a subsets of the 307 memes in the ToxM-QUEST-qwen row.

Subset Toxicity Textual Visual Scene Background Overall Emotion Analogical Target Semiotic Unique Avg. Q&As
Material Material Knowledge Intent Mapping Community Projection Memes per Meme

M-QUEST-qwen

ToxM-QUEST-qwen 307 10 14 9 9 9 — — — — 307 1.16
GenM-QUEST-qwen — 35 35 35 26 26 30 28 20 16 180 1.48

M-QUEST-gemini

M-QUEST-gemini 50 50 50 50 50 50 50 50 50 50 232 2.16

M-QUEST 357 95 99 94 85 85 80 78 70 66 307 3.61

A.6 Additional Results of the Human
Validation on M-QUEST-qwen

As illustrated in Fig. 6, the automatic extraction
achieves particularly high validation rates for fun-
damental dimensions, with Scene (76.0%), Tex-
tual Material (76.0%), and Visual Material (74.0%)
all substantially exceeding the average of 59.33%.
These results are noteworthy given that these ba-
sic dimensions serve as building blocks for more
complex cognitive assessments. Mid-level dimen-
sions such as Overall Intent (64.0%) and Emo-
tion (60.0%) maintain solid validation rates, while
the validation of the more abstract and cognitively
demanding dimensions like Analogical Mapping
(56.0%) is near the average, reflecting the inherent
complexity of these reasoning tasks. Surprisingly,
Background Knowledge, although a more funda-
mental dimension, performs near-average (56.0%),
possibly again due to the broadness of the dimen-
sion, which creates confusion in the model when
generating Q&As. The relatively lower validation

rates for Target Community (40.0%) and Semiotic
Projection (32.0%) can be attributed to: (i) their
highly contextual and interpretative nature, which
often requires deeper cultural knowledge and sub-
jective judgment, (ii) their inconsistent presence in
memes, and (iii) possible definitional confusion.

Inter Annotator Agreement is measurable but
limited, stronger for toxicity and weaker for Q&A
plausibility, likely reflecting subjectivity and label-
prevalence effects. However, the human baseline is
high (83%), attributable to selective inclusion crite-
ria: unanimous annotator agreement on Q&A Plau-
sibility yields 91.7% benchmark inclusion; two-of-
three agreement yields 60.7%.

This gradient suggests that the benchmark con-
struction process, achieved via filtering for those
memes that received positive validation on Toxi-
city Assessment, and Answer Plausibility, while
not explicitly using IAA as a filter, was biased to-
ward items with higher rater consensus, ensuring
high-quality data.
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Figure 4: Heatmap per dimension, per model, for M-QUEST-gemini.

A.7 Additional CoT Examples
A Chain-of-Thought example for a Q&A in M-
QUEST-qwen is shown in Fig. 5.

A.8 Prompt Template
A template of the prompt we use for zero-shot
VLM evaluation is shown in Fig. 7.

A.9 Annotation Interface
Our human annotation task interface used both
for M-QUEST-qwen and M-QUEST-gemini is
shown in Fig. 8.

A.10 Model Generation Examples
An example M-QUEST-qwen Q&A pair with its
explanation is shown in Fig. 9. An example with
Q&A with different dimensions is shown in Fig.
10.
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Figure 5: Illustration of the diverse reasoning patterns of VLMs in detecting toxicity assessment dimension in the
same meme image. Qwen2 and Qwen2.5 exhibit more straightforward reasoning patterns and are less capable of
reasoning about latent relationships compared to the three other VLMs/VLM families. Meanwhile, Qwen3 provides
the most sophisticated interpretation.

Figure 6: M-QUEST-qwen human validation per each dimension.
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Figure 7: Prompt template for zero-shot VLM evaluation.
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Figure 8: Human annotation task user interface. Top: Toxicity assessment and the related toxic element (Background
Knowledge). Bottom: Q&As generated for both the Toxicity and the related toxic element (Background Knowledge).
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Figure 9: Example of M-QUEST-qwen question–answer pairs along with their explanations.
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Figure 10: This figure presents the results of the Qwen models accurately reasoning over explicit visual cues but
failing to capture latent contextual meaning, such as the misrepresentation of African diets in the meme.
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