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Abstract
Internet memes represent a popular form of multimodal online communication and often use figurative elements
to convey layered meaning through the combination of text and images. However, it remains largely unclear how
multimodal large language models (MLLMs) combine and interpret visual and textual information to identify figurative
meaning in memes. To address this gap, we evaluate eight state-of-the-art generative MLLMs across three datasets
on their ability to detect and explain six types of figurative meaning. In addition, we conduct a human evaluation of
the explanations generated by these MLLMs, assessing whether the provided reasoning supports the predicted label
and whether it remains faithful to the original meme content. Our findings indicate that all models exhibit a strong bias
to associate a meme with figurative meaning, even when no such meaning is present. Qualitative analysis further

shows that correct predictions are not always accompanied by faithful explanations.
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1. Introduction

On social media such as Reddit and X (Twitter),
people actively use memes, which combine visual
and textual components, to express a wide range
of opinions. Memes are posted in debate on global
issues, such as climate change (Zhou et al., 2025),
as well as in playful reflections on daily life’s small
triumphs and troubles (Hwang and Shwartz, 2023).
Many of these memes rely on multimodal figurative
expressions, to convey meanings in creative, often
non-literal ways. For example, Figure 1 shows a
meme from MET-MemE (Xu et al., 2022), which
humorously conveys a witty or self-deprecating at-
titude. It parodies Julius Caesar’s famous quote
“I came, | saw, | conquered” by keeping the initial
“I came, | saw”, which sets up the expectation of
a powerful declaration, but replaces the last part
with “I complained”. Together with the accompany-
ing grumpy cat, this subverts the expectation and
creates a humorous contrast.

The presence of figurative meaning in memes
represents a challenging aspect of multimodal com-
munication,' and has become a phenomenon of
growing interest in NLP. Liu et al. (2022a) first in-
troduced FIGMEMES, a dataset for classifying six
types of figurative expressions in politically opinion-
ated memes, covering diverse themes and visual

'In this paper, we use the term figurative meaning
instead of the more commonly used figurative language
to emphasize the multimodal nature of the phenomenon
we are analyzing.
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Figure 1: A meme from MET-MemE (Xu et al., 2022)
playfully adapts Caesar’s famous quote “I came,
| saw, | conquered”. In our work, we investigate
the respective contributions of image and text to
models’ prediction of figurative meaning in memes.

Icomplained}

styles. Metaphor processing attracts attention in
meme interpretation tasks (Xu et al., 2022; Hwang
and Shwartz, 2023; Xu et al., 2024), and several
studies have linked offensive memes with sarcastic
expressions (Sharma et al., 2020; Pramanick et al.,
2022; Kumari et al., 2024).

However, except for FiIGMeMEs (Liu et al., 2022a),
figurative meaning in memes remains understudied.
Little work has investigated to what extent gener-
ative multimodal large language models (MLLMs)
can detect figurative meaning in memes, and how
this ability varies across different types, such as
allusion, irony, and metaphor. There is also a lack
of systematic investigation into how controlled ma-
nipulations of information from different modalities
affect figurative meaning predictions on memes.

9460

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 9460-9477
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



Recently, natural language explanations have
become an important additional signal for studying
how a model processes an input, e.g., for inter-
preting figurative meaning (Saakyan et al., 2025).
However, there is a lack of well-defined criteria for
evaluating the quality of model-generated explana-
tions of figurative meaning.

To address these gaps, we define a combined
detection and explanation task for memes, requir-
ing models not only to identify one or more types of
figurative meaning, but also provide a correspond-
ing explanation that justifies their predictions. Our
contributions are:

» We introduce a detection and explanation task
for figurative meaning in memes, and evalu-
ate the performance of eight models on both
binary and multi-label classification tasks.

+ We systematically investigate the impact
and contribution of information from different
modalities on model behavior through con-
trolled input manipulations, and two prompting
setups.

* We conduct a human study to assess how
coherently model-provided explanations are
perceived for their respective predicted labels,
and how well they are grounded in the meme’s
visual and textual components.

Our benchmarking of eight state-of-the-art
MLLMs reveals three core findings regarding their
interpretation of meme figurativeness. First, we
identify a pervasive bias where models consistently
over-assign figurative meanings to memes that are
intended to be literal. Second, model performance
and modality reliance are highly type-specific: while
irony and sarcasm are heavily visually grounded,
metaphor detection uniquely requires a complex
interplay between textual and visual cues. Finally,
our human evaluation uncovers a significant faith-
fulness gap: even when models predict correct
labels, their explanations often suffer from visual
hallucinations, over-interpretation, or an inability
to grasp the underlying socio-psychological nu-
ances of human behavior. Our code and eval-
uation are publicly available at https://github.
com/mainlp/Figurative-Meaning-in-Memes.

2. Related Work

Figurative Language in NLP Figurative lan-
guage is characterized by the use of words in a
non-literal manner to create abstract meanings that
go beyond surface-level interpretation (Lakoff and
Johnson, 2008). This may facilitate and intensify
indirect communication and rhetorical effects, serv-
ing persuasive and humorous discourse, or audi-
ence engagement (Fussell and Moss, 2014; Burg-
ers et al., 2016).

In NLP, figurative language has traditionally been
studied through a text-centric lens (Chakrabarty
et al., 2022a; Stowe et al., 2022; Lai et al., 2023).
With the advance of MLLMs, research has shifted
toward systematic benchmarking of their ability
to process these non-literal expressions. This in-
cludes broad investigations into the models’ general
reasoning capabilities and linguistic nuances (Liu
etal., 2022b; Jang et al., 2023; Yerukola et al., 2024;
Jang and Frassinelli, 2024), as well as their perfor-
mance in specialized interactive contexts such as
dialogue systems (Jhamtani et al., 2021).

Despite the emphasis on text, figurative
meaning is inherently a multimodal phe-
nomenon (Chakrabarty et al.,, 2022b; Akula
et al., 2023; Kulkarni et al., 2024). With the
increasing availability of multimodal generative
models, researchers started investigating non-
literal meaning across combined modalities, with
work on humor understanding in comics (Hessel
et al., 2023), on generating visualizations of textual
metaphors (Zhang et al., 2024), and on captioning
visual figurative meanings (Saakyan et al., 2025).

Multimodal Meme Understanding Internet
memes are a distinctive form of multimodal
communication, where visual components shape
the interpretation of text through context, priming,
or template-based expectations (Shifman, 2013;
Nissenbaum and Shifman, 2017; Wiggins, 2019).
The NLP and vision-language communities have
shown a growing interest in memes, with research
highlighting how visual templates provide a con-
textual framework that shapes the interpretation
and structure of the associated text (Zhou et al.,
2024; Bates et al., 2025). Various tasks have been
explored, including sentiment analysis (Hossain
et al.,, 2022), hateful or harmful meme detec-
tion (Kiela et al., 2020; Cao et al., 2022; Liu et al.,
2025), emotion classification (Sharma et al., 2020),
caption generation (Hwang and Shwartz, 2023),
style generalization (Nandy et al., 2024), and VQA
tasks (Nguyen et al., 2025).

Although memes often contain a wide range of
figurative meaning, few studies examine how well
models handle them. Liu et al. (2022a) laid ground-
work for multimodal pre-LLM figurative meaning
analysis and introduced FIGMEMES, a collection of
politically-opinionated memes.

To the best of our knowledge, our study is the
first to systematically evaluate multimodal models
in zero-shot settings by explicitly separating visual
and textual inputs, enabling us to precisely assess
the individual contribution of each modality. More-
over, we move beyond label accuracy to evaluate
the quality of model-generated explanations, pro-
viding a more comprehensive benchmark for the
interpretation of figurative meaning.
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FicMEMES

Type None Allus. Exag. Irony Anthrop. Met

Contr.
Count | 495 265 265 320 131 286 171

MEMOTION 2 MET-Meme
Total | NS LS VS ES Total Lit Met  Total
1372 | 804 388 246 62 1500 | 1054 1054 2108

Table 1: Statistics of our evaluation data. Underlined types indicate negative cases (e.g. non figurative) in
the binary classification task of each dataset. Total shows the number of evaluated memes in each dataset;
in FIcGMEMES, a meme can span multiple types of figurative meaning. FiIcMemEes: Allus. = Allusion, Exag.
= Exaggeration, Anthrop. = Anthropomorphism, Met. = Metaphor, Contr. = Contrast. MEMOTION 2: NS,
LS, VS, ES indicate increasing levels of sarcasm (Not, Little, Very, Extremely). MET-MeME: Lit = Literal,

Met = Metaphoric.

3. Experimental Setup

3.1.

We analyze three publicly available meme datasets
concerning figurative expressions: FIGMeMEs (Liu
et al., 2022a), MemoTION 2 (Ramamoorthy et al.,
2022), and MET-MemE (Xu et al., 2022). To ensure
modality comparability, only memes with embed-
ded text are evaluated.

* FicMemes is multi-label and the first and
only dataset which annotates six types of
figurative language in memes: allusion,
exaggeration/hyperbole, irony/sarcasm,
anthropomorphism/zoomorphism, metaphor/
simile and contrast. They collect memes
from 4chan /pol/ (the politically incorrect)
board,? a platform known for its high prevalence
of hateful and offensive material.

Datasets

» MemoTioN 2 annotates memes from Google Im-
ages with multiple sentiment and emotion labels,
including funny, sarcasm, offensive, and motiva-
tional. Here we focus on sarcasmonly as itis not
only associated with the emotion of contempt,
but also characterized by indirectness and irony,
which are central to figurative expressions.

¢ MET-MEeME includes memes from Twitter, Weibo,
Google, and Baidu images. It focuses on
metaphor occurrences in memes, but also con-
tains manual annotations of sentiment cate-
gories, intentions, and offensiveness degrees.
While the dataset contains both Chinese and
English data, in this work, we focus only on
the English memes, and specifically on the
binary labels indicating whether a meme is
metaphorical or not.

Label Distribution For evaluation, we use the
FIGMEMESs test set, covering six figurative types in
political memes, and the MeEmMoTION 2 validation set
for sarcasm analysis.® For MET-MeME, we take all

2http://boards.4chan.org/pol/

3|ln MEMOTION 2 (Sharma et al., 2020; Pramanick et al.,
2022), little, very, and extremely sarcastic are considered
positive cases; not sarcastic is considered negative. The
test set is not publicly available.

metaphoric items and randomly sample an equal
number of literal items. This selection provides a
diverse range of non-literal meanings across differ-
ent meme domains. The statistics of our evaluation
data are shown in Table 1.

All three datasets were originally annotated by
multiple annotators. We rely on these labels which
are summarized below. FIGMeMEs takes the ma-
jority vote of three annotators, who are also the
authors of the paper; MEMOTION 2 takes the major-
ity vote of three workers on Amazon Mechanical
Turk; and each meme in MET-MEeME is annotated by
at least three graduate students and two research
assistants with relevant professional knowledge.*

Preprocessing In previous work (Liu et al,,
2022a; Hwang and Shwartz, 2023), the whole
meme — with its embedded text — is usually treated
as visual input. Here, to explore the contributions of
different modalities to model processing, we create
an image-only input condition by removing textual
information embedded in the original meme, as il-
lustrated in Figure 1. We apply PaddleOCR (Cui
et al., 2025) to detect text and mask it, and then
use LaMa (Suvorov et al., 2021) for inpainting. The
quality of the inpainted images is manually verified
and found to be high (further details about this in
Appendix A).

3.2. Task Setup

We explore the extent to which i) MLLMs uncover
non-literal meanings in memes and ii) provide faith-
ful explanations of predictions.

Task and Prompt Unlike prior work (Liu et al.,
2022a; Pramanick et al., 2022; Xu et al., 2022), to
the best of our knowledge, we are the first to setup
detection and explanation tasks: models must not
only determine whether an input contains one or
more types of figurative meanings, but also pro-
vide a corresponding explanation. For detection,
we follow two different strategies according to the
information available in the different resources. For

“FicMeMEs labels achieved a Fleiss’ « of 0.42,
whereas equivalent agreement metrics for metaphor and
sarcasm are not reported for the other datasets.
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binary classification, we detect sarcasm in Mewm-
OTION 2, metaphor in MET-MeME, and each type
of figurative meaning independently in FIGMeEMES.
Additionally, since each meme in FIGMeEMES can be
associated with multiple types of figurative meaning,
we define a multi-label classification task exclusive
to FIGMEMES.

We focus on a zero-shot evaluation and design
two prompting strategies to validate the results. In
the first strategy, we simulate the annotation style
of the source datasets: we provide definitions of
each figurative type, following FiIGMemEs (Liu et al.,
2022a), and prompt the model to return the binary
label for specific type of figurative meaning, and its
explanation to justify the label:

( )
System:
You are an expert linguistic annotator.

User:

You are asked to annotate whether the input
contains a {FIGURATIVE TYPE} expression
or not.

Definition:

{FIGURATIVE TYPE}: {DEFINITION}

{INPUT}

Please explain why you are assigning this
label. Your explanation should clearly
justify your choice and reference the
relevant visual and/or textual compon-
ents in the input.

Return your answer ONLY as a JSON object
in this exact format:

{
"label":
{FIGURATIVE TYPE}: "Yes" or "No",
"explanation": {generated_explanation}
}

ONLY return a valid JSON object in the

exact format above.
\ J

For multi-label classification, we incorporate the
definitions of all six figurative types into a unified
prompt, enabling the model to perform simultane-
ous inference for every category in a single query.

In the second strategy, we prompt the model
to provide a continuous, probability-like value be-
tween 0 and 1 to indicate the degree to which the
input expresses a specific type of figurative mean-
ing. Except for replacing the “label” field with a
continuous “score”, the prompt template is identi-
cal to the first setting.

Input Modality To investigate how information
from each modality influences model behavior, we
evaluate three input conditions: the original meme,
as well as two ablation settings: fext-only, which
inputs only the embedded text from the meme,
and image-only, which removes the embedded text
while retaining the visual content (see Section 3.1).

Labels per Meme 0 1 2 3 4
Meme Count 495 715 277 51 4

Table 2: Count of labels per meme in FIGMEMESs.
On average, each meme has 0.93 labels. 0 means
no figurativeness is present.

To minimize potential modality bias arising from
prompt phrasing, we deliberately exclude the term
“meme” from the prompt template.

3.3. Evaluation Setup

Models are required to generate both labels and
corresponding explanations. We evaluate model
performance along three aspects:

1. model label(s) vs. gold label(s);
2. model label(s) vs. model explanation;
3. model explanation vs. original meme content.

The first aspect is assessed automatically, while
the latter two are evaluated via human assessment.

Automatic Evaluation For binary classification,
we report F1 for each figurative type in the text.

For multi-label classification on FiIcMEMES, we
adopt micro-averaging because the gold annota-
tions in FIGMEMES are highly sparse, with most
memes containing only a single type of figurative
meaning. The count of labels across memes is
reported in Table 2. In this setting, micro metrics
provide a more stable and reliable estimate of over-
all performance. We report micro-accuracy, micro-
precision, micro-recall and micro-F1. Macro scores
are provided in Appendix B.1.

All results are averaged over 5 runs; standard
deviations are reported in Appendix B.2.

Human Evaluation To conduct the human eval-
uation, we randomly sample 90 memes, 30 from
each dataset; for FIcMeMES, we focus on memes
containing a single type of figurative meaning. We
evaluate explanations along two aspects with seven
criteria. First, we focus on how well the explana-
tion generated by the model supports its generated
label (i.e. evaluating model explanation vs. label):

( N

1. Relevance: The explanation highlights the
key features of the label and shows why it
applies.

2. Consistency: The explanation aligns with
the label and contains no internal

contradictions.
- J

Second, we evaluate how well the explanation
generated by the model reflects the content of
the original meme. These criteria are taken from
Hwang and Shwartz (2023):
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3. Correctness: The explanation accurately
conveys the meaning intended by the
person who posted the meme.

4. Appropriate Length: The explanation
length is appropriate for conveying the
meaning (i.e. it is not too verbose).

5. Visual Completeness: The explanation
describes all the important components in
the image.

6. Textual Completeness: The explanation
describes all the important components in
the text embedded in the meme.

7. Faithfulness: All components of the
explanation are supported by either the
visual or text content (i.e. there are no

made-up components).
& J

The first author of this paper and a bachelor stu-
dent majoring in computational linguistics hired as
student assistant rated the model explanations on a
5-point Likert scale, ranging from strongly disagree
(score 0) to strongly agree (score 4). After anno-
tating the first 15 memes, the two annotators dis-
cussed their evaluations to align their understand-
ing and ensure consistency in subsequent ratings.
The Cohen’s « between the two annotators is 0.79
across all evaluated items, indicating substantial
agreement. We report the averaged score of two
annotators in Section 4.

3.4. Models

We evaluate eight models from three families of
state-of-the-art MLLMs of different sizes: Aya-
Vision (Aya, Ustiin et al. 2024; 8B and 32B),
Gemma 3 (Gemma, Team et al. 2025; 4B, 12B, and
27B), and Qwen2.5-VL (Qwen, Bai et al. 2025; 7B,
32B, and 72B). All models are evaluated in zero-
shot settings with a unified prompt template (as
shown in Section 3.2) across all model sizes. Im-
plementation details are provided in Appendix B.3.

4. Results and Discussion

We begin by focusing on the first prompt setup to
discuss about the results of model performance on
detecting figurative meaning in Section 4.1 and on
explaining it in Section 4.2. The influence of prompt
settings will be discussed in Section 4.3.

4.1. Automatic Evaluation of Detection

Q1: How does model performance vary in de-
tecting different types of figurative meaning?
Here, we analyze model performance under the
original meme input setup. We start with the binary
classification tasks (Table 3), and subsequently,

move to multi-label classification (Table 4), which
only applies to FIGMEMES.

As reported in Table 3, the eight MLLMs show
considerable variation: Overall, according to their
average score on eight types, the largest model
from each family consistently achieves the best
results, yet the differences in overall performance
remain marginal. Qwen-72B performs the best
among the eight models.

However, on individual label types, the perfor-
mance gap between models can be more substan-
tial.5 For instance, on metaphor, the gap between
Qwen-7B and Qwen-32B is as large as 55.34%.
Models’ performance on MemoTioN 2 and MET-
MEME is more consistent across model sizes, with
only minor variations among models from all three
series.

On FicMeMEs, models generally perform best
on contrast, with Aya-8B achieving the highest
score of 77.95%. In comparison, performance on
anthropomorphism is much lower, with the best
model, Qwen-32B, reaching only 56.99%. These
trends are consistent with the benchmarks reported
by Liu et al. (2022a), in which discriminative mod-
els also score highest on contrast and lowest on
anthropomorphism.

For multi-label classification, we only report the
results of the largest model from each family due
to space constraints. Table 4 shows that all three
models surpass the baseline performance, which
corresponds to random guessing of each label as
positive or negative with a 50/50 probability. How-
ever, performance differs notably across the four
metrics. This is largely due to the fact that, on aver-
age, each meme has only one positive label while
the other five are negative. For instance, with input
of original memes, Gemma-27B achieves the high-
est recall but the lowest precision among the three
models, as the model tend to predict the presence
of figurative meaning. This tendency is generally
observed across all three models.

Q2: How much does text, image, or both con-
tribute to the figurativeness of memes? We
begin by examining the binary classification task.
On FiIcMeMESs, we treat the best scores from Liu
et al. (2022a) across modalities and models as a
baseline. As shown in Table 3, based on the av-
erage score across types, performance generally
drops when either modality is removed, with the ex-
ception of Gemma-4B and Gemma-12B, which score
higher on exaggeration, anthropomorphism and

®To address potential concerns regarding the variance
in model ranking, we conducted a series of McNemar’s
tests. Comparing the top two models for each task, we
observed that the best-performing model significantly
outperformed the second best one (p < 0.001) across
every experimental seed.
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Model  Size Input ) FicMemES ‘ MEeMOTION 2 ‘ MET-MemEe Average
Allusion Exag. Irony Anthrop. Metaphor Contrast Sarcasm Metaphor

Baseline | 5232 44.00 49.77 41.76 44.87 56.91 | - | - | -

Meme 70.04 58.63 56.06 51.94 50.62 77.95 63.48 66.66 61.92

8B -Text 65.44 58.52 48.39 35.91 59.99 49.64 54.16 47.82

Aya -Image 34.78 30.16 57.07 40.09 23.46 63.01 57.28 39.29

Meme 66.87 61.01 61.31 54.67 54.97 70.85 63.37 66.77 62.48

32B -Text 67.48 59.45 42.27 51.70 39.48 60.13 47.22 56.03 52.97

-Image 48.99 37.66 59.09 S0  37.85 63.53 59.82 50.11 45.79

Meme 70.17 53.94 62.70 51.37 53.22 56.71 63.47 66.91 59.81

4B -Text 58.13 58.36 31.19 52.06 54.05 61.84 62.05 60.02 54.71

-Image 33.29 43.46 58.33 47.19 61.20 63.08 61.42 46.48

Meme 60.27 56.09 63.01 53.00 42.87 57.48 63.54 67.81 58.01

Gemma 12B -Text 64.06 56.96 45.54 53.94 31.87 59.48 58.45 51.84 52.77

-Image 53.45 49.79 57.97 35.95 66.58 61.78 54.80 48.96

Meme 61.32 62.32 62.51 52.99 63.64 62.82 63.38 68.21 62.15

27B -Text 58.66 60.87 42.68 53.81 52.77 61.65 60.46 53.99 55.61

-Image 54.66 41.53 60.68 13.78 47.18 66.80 62.77 57.65 50.63

Meme 59.92 52.96 52.58 48.52 75.62 63.22 70.90 54.10

7B -Text 56.77 53.26 48.49 71.36 36.60 36.22 39.49

-Image 23.48 30.33 26.20 45.95 56.85 39.29 28.78

Meme 62.48 60.06 69.81 56.99 64.34 68.67 62.58 69.48 64.30

Qwen 32B -Text 64.78 63.66 13.56 53.51 31.80 68.68 27.00 37.65 45.08

-Image 56.69 38.21 53.36 17.78 32.63 65.56 56.85 57.85 47.37

Meme 65.31 61.61 65.35 54.09 61.76 76.76 62.81 70.57 64.78

72B -Text 66.18 60.93 22.95 55.24 41.63 74.90 42.90 50.53 51.91

-Image 53.80 37.96 61.81 16.92 30.53 68.46 60.30 55.62 48.18

Table 3: F1 scores (in %) of eight models on the binary classification of figurative meaning types in memes
from three datasets. -Text and -Image denote the ablation of the text or image modality, respectively.
The best and second-best results are shown in bold and underlined, respectively. Following Liu et al.
(2022a), in FicMemEs we consider memes with 0 labels as negative cases, and take the best-performing

benchmark score as baseline. Higher scores are highlighted in orange , lower scores in blue . Results

are averaged over five runs.
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Figure 2: Performance of Aya-32B, Gemma-27B, and Qwen-72B on the multi-label classification task (only
in FIGMEMES) across modalities and meme groups. Error bars indicate standard deviation over 5 runs.
Top row: Count of memes with 0, 1, or 2+ figurative types (0, 1, 2+ gold labels) that are predicted to
contain from 0 to 6 figurative types. Bottom row: Count of memes containing 0, 1, or 2+ figurative types
that are fully correctly predicted, where all six predicted labels match the gold labels.

contrast in FIcGMeEMES when one modality is re-
moved.

Interestingly, for all evaluated models, the neg-
ative impact of removing the image (-image) is
more pronounced than removing the text (-text) for
irony in FIGMEMES, sarcasm in MEMOTION 2, and

metaphor in MET-MeME; whereas for allusion,
exaggeration, and anthropomorphism in FiG-
MEeMEs the opposite pattern occurs. This indicates
that some figurative types are visually grounded
while others are primarily conveyed through
text, and MLLMs rely on different modalities to in-
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Model Input | Acc. Prec. Rec. F1
random - | 50.04 |FIBIS7N 49.88 [[2373
Meme | 57.60 24.63 83.54 38.05
Aya-32B -Text 66.80 25.30 57.86 35.20
-Image | 74.06 28.36 43.51 34.34
Meme | 55.97 24.44 87.50 38.21
Gemma-27B  -Text 62.08 | 23.79 65.04 34.84
-Image | 68.56 25.86 54.83 35.15
Meme | 64.69 28.24 82.12 42.03
Qwen-72B -Text 7191 28.76 54.31 37.60
-Image | 74.27 29.07 4521 35.39

Table 4: Accuracy, precision, recall and Micro-F1
(in %) of models on multi-label classification of fig-
urative meanings in FicMemEes. The highest score
for each metric is highlighted in bold. Higher scores

are highlighted in orange , lower scores in blue .

terpret different types of figurative meaning. More-
over, for metaphor in FicMemes and MET-MEME,
all models (except for Gemma - 4B) exhibit substantial
performance drops under both -Image and -Text
conditions, highlighting that detecting metaphors
depends not on a single modality alone but on the
interplay between text and image.

For the multi-label classification task (Table 4),
micro-recall across all models consistently follows
the trend: original meme > -text > -image, indicat-
ing that models tend to predict the presence of
figurative meaning more often under the full
meme input setup.

To analyze whether models predict more labels
due to richer figurative content in a meme (without
any ablation) or merely because of a bias toward
the meme format, we categorize memes from FiG-
MEemEs by the number of gold labels and count the
predicted labels under different modality inputs. As
shown at the top row of Figure 2, independent of
the number of gold figurative labels a meme carries,
the models tend to assign more figurative labels
when they see the original meme compared to the
ablated versions. Notably, among 495 memes with-
out any figurative labels, all three models assign 0
labels to very few cases, while most cases receive
1-3 labels. Due to this bias, all three models fail to
correctly classify memes that do not contain any
figurative labels, as reported in the bottom row of
Figure 2. For such cases, models even perform
better with text-only or image-only input, especially
for Qwen-72B.

In contrast, for memes containing more than two
types of figurative meaning, using the full meme in-
put yields better performance. This tendency is also
observed in other smaller models. We present the
performance of the eight models in Appendix B.4.

4.2. Human Evaluation of Explanation

Q3: How effective are the model-provided ex-
planations for its predicted labels and memes?
We manually evaluate the explanations generated
by the eight models following criteria introduced in
Section 3.3. As shown in Figure 3, our comparison
reveals an interesting discrepancy: while Qwen-72B
was previously found best on automatic metrics,
it falls short in human assessment. While Gemma
and Qwen models are judged with higher ratings
than Aya models of comparable size, Qwen-72B
surpasses Qwen-32B only on faithfulness, indi-
cating fewer hallucinations, while on other criteria,
its performance is roughly equal to or slightly worse
than Qwen-32B. Furthermore, for Aya and Gemma,
larger models outperform smaller ones.

Focusing on the internal coherence between pre-
dicted labels and explanations, we find that all
models perform better on consistency than
relevance. Model-generated explanations often
lack substance: despite aligning with the predicted
labels, they frequently fail to provide concrete evi-
dence for the specific figurative meaning, such as
identifying the target of sarcasm or the underlying
metaphor.

Human annotators rated the models highest on
textual completeness, indicating a strong con-
sensus that the generated explanations success-
fully capture the key textual elements essential to
the memes’ figurative meanings.

By comparison, the models perform worse in
capturing visual components. Most models per-
form worst on correctness: Aya-8B, Aya-32B,
and Gemma-4B all score below 2, suggesting that
human annotators generally disagree with the mod-
els’ interpretations of the memes intent.

Q4: What are the common types of errors
in model explanations? As we found in Sec-
tion 4.1, MLLMs’ strong bias toward predicting the
presence of figurative meaning in meme formats
results in two key limitations in their explanations.
One is label-explanation inconsistency: for ex-
ample, Figure 4a is a motivating meme without
sarcastic meaning. Qwen-72B labels it as sarcas-
tic, but in its explanation, it contradicts the label
and asserts that there is no sarcasm. The other
is over-interpretation, where the model attempts
to identify an uncommon or exaggerated aspect
to justify a positive label. For instance, Gemma-12B
labels Figure 4a as sarcastic and explains that it
“utilizes the Success Kid meme paired with the
phrase Planning Like A Boss, creating a strong
sense of sarcasm because the baby’s determined
expression contrasts humorously with the often
chaotic reality of planning.”

Mismatches between model-generated explana-
tions and the memes are largely due to failure in
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Figure 3: Human evaluation results on model-generated explanations.

visual information extraction rather than in textual
processing. These issues typically arise from either
an incorrect depiction of the image or a neglect
of visual cue. For the former, Aya-32B misinter-
prets Figure 4b as “[...] The finger over the cat’s
mouth is a visual metaphor for silence, implying that
the cat should keep quiet or be hushed, thereby
attributing human-like behavior to the animal.” This
is inaccurate, as people usually use a vertical finger
in front of the mouth to signal silence, whereas the
image shows a finger lifting the cat’s nose, causing
its mouth to open and make an “A”. For the latter,
although all models predict the label metaphoric cor-
rectly, but fail to interpret Figure 4c, because they
overlook the crucial visual cue, the water spilling
away before it reaches the glass, and thus misread
the meme as “[...] symbolizing how information is
absorbed and processed”, rather than the intended
meaning of failing to do so.

We also find that models struggle with memes
depicting everyday human behavior. Figure 4d
satirizes people who are willing to spend $1,000
on a phone but feel annoyed when an app is not
free, even if it costs only 99 cents. This demon-
strates the common psychological pattern where
consumers rationalize big purchases but resist min-
imal charges, yet half of the models fail to interpret it.
This type of error can be described as a behavioral
reasoning error, where the model misses the so-
cial or psychological irony underlying the meme due
to lack of social experience, which is also pointed
out by Chen et al. (2024) and Mathur et al. (2024).

When my mom says | can't have any more
fruit snacks because I'm 30 years old

7 year old me
when | hear an
airplane

21 year old me
when | hear an
airplane

(@) (b)

Figure 5: Two memes from MemoTION 2 with gold
label “not sarcastic”.

Q5: Can explanations be valid for “wrong”
labels? When qualitatively evaluating model-
generated labels and explanations, we observed
that models can assign labels that are different
from the gold label while still providing reasonable
and evidence-based explanations. For example,
both memes in Figure 5 are annotated with not
sarcastic, yet Gemma - 27B classifies the first as sar-
castic, describing it as “creating a sarcastic tone
about the unchanging nature of this specific behav-
ior and subtly mocking the continued enthusiasm.”
and Qwen-72B labels the second as sarcastic, ex-
plaining it as “mocking the concept of age-related
restrictions on simple pleasures”. Both annotators
(strongly) agree that these explanations fit well with
the seven human evaluation criteria. These cases
highlight the inherent subjectivity in interpretation of
figurative meaning and indicate that minority-vote
labels are not necessarily errors.
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Figure 6: Difference in macro-F1 (in %) between
prompting score and prompting label setting for
eight models, averaged over five seeds. Bars with
positive values indicate that prompting score im-
proved performance; bars with negative values indi-
cate a decrease. Results cover binary classification
tasks across three datasets.

4.3. Prompt Sensitivity

Q6: How robust are models to different
prompts? Since MLLMs are highly sensitive to
prompt design, we validate our results with two
prompting strategies (see Section 3.2). The full
prompt template and the corresponding experimen-
tal results are provided in Appendix B.5.

Although F1 scores under the same prompt set-
ting show little variation (less than 1% standard de-
viation), model performance under different prompt
settings varies moderately. Figure 6 quantifies the
gap between results of the binary classification task
under two prompting setups. Overall, the gap of
performance of all models is within +4%. Mod-
els demonstrate higher robustness on MEMOTION 2
than on FicMemEs and MET-MEME. Gemma-27B is
the most consistent model, with performance varia-
tions across the three datasets less than 1%. There
is no clear evidence that any particular prompt set-
ting consistently benefits a specific model in all
setups; performance still largely depends on the
dataset.

5. Conclusion

We explore the ability of current generative multi-
modal models to defect and explain figurative mean-
ing in internet memes. We evaluate in total eight
models from three families, Aya, Gemma, and Qwen
with different sizes, and analyze the influence of
input modalities (text, image, both) quantitatively
and qualitatively.

Larger models generally achieve better re-
sults on the binary classification task. Textual
components contribute more to detecting irony
and metaphor, whereas visual components are
more critical for allusion, exaggeration, and
anthropomorphism. All evaluated models exhibit
a bias toward predicting the presence of figurative

meaning in meme format input, which is typically
composed of images with embedded text, suggest-
ing a higher reliance on surface characteristics.

Importantly, our human evaluation reveals sev-
eral deficiencies of model-generated explanations.
Across all models, identifying the core visual com-
ponents that convey figurative meaning is harder
than identifying the textual ones.

When model-generated explanations fail to cap-
ture the figurative meaning of a meme, it is largely
due to failures in visual information extraction rather
than in textual processing. Furthermore, models
sometimes assign labels that differ from the gold
annotation while still generating valid, evidence-
based explanations, suggesting that minority-vote
labels are not necessarily errors but may reflect the
inherent subjectivity of figurative meaning interpre-
tation.

Ultimately, our findings highlight the need for fu-
ture research to move beyond simple label pre-
diction toward developing more sophisticated mul-
timodal architectures that can ensure reasoning
faithfulness and a deeper sensitivity to the com-
plex socio-psychological contexts inherent in meme
communication.

Limitations

Data and Benchmark Limitations The three-
year release history of the evaluation datasets
poses a risk of data contamination, potentially in-
flating performance if models encountered these
samples during pre-training. Furthermore, the
limited variety of meme formats, imbalanced la-
bel distribution (e.g., sparse figurative types in
FicMEeMES), and inconsistent annotation schemes
across datasets collectively constrain the represen-
tativeness of our findings. These factors complicate
fair comparisons and may bias the assessment of
models’ generalization capabilities across diverse
communicative contexts.

Robustness to Prompt Specification Despite
evaluating two prompt templates across five exper-
imental runs, potential sensitivity to prompt spec-
ification remains. For example, it is unclear how
consistency might be affected by variations in out-
put format (e.g., XML vs. JSON) or subtle shifts
in instructional wording. Furthermore, while our
continuous scoring-type prompt (0—1) provides fine-
grained scalar feedback, a discrete Likert-like scale
might introduce different inductive biases.
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Ethical Considerations

Hateful content in FIGMEMEs To assess poten-
tial ethical concerns, we randomly sampled 30
memes from FIGMEMES, finding that 17 could be
considered potentially offensive, targeting groups
such as religious or social communities. While the
dataset contains sensitive content, all annotations
in our study were conducted with care, and no an-
notator reported any psychological distress or harm
during the annotation process. We emphasize that
our study focuses on understanding figurative lan-
guage in these memes for research purposes and
does not promote or disseminate harmful content.
Access to the dataset is controlled, and all par-
ticipants are expected to follow ethical research
practices when using it.

Use of Al Assistants. The authors acknowledge
the use of ChatGPT solely for correcting grammat-
ical errors, enhancing the coherence of the final
manuscripts, and providing assistance with coding.
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Appendices

A. Image Preprocessing

To ensure the complete removal of textual informa-
tion from the input—rather than merely relying on
prompt-based attention control—we preprocessed
the original images. Specifically, we employed Pad-
dleOCR (Cui et al., 2025) to detect text and mask
it, and then use LaMa (Suvorov et al., 2021) for
inpainting. In most cases, the text was success-
fully eliminated, as illustrated in Figure 7. For a
small subset of low-resolution images where au-
tomated processing was suboptimal, we manually
refined the results to ensure data quality as shown
in Figure 8.

Original
WATCHING DEMS USE

Inpainted

s

“MUH RUSSIA] ONEACH OTHER

Figure 7: Examples of automatic preprocessing by
inpainting text. The left column shows the original
meme images, while the right column displays the
results after text removal using PaddleOCR and
LaMa.

B. Implements Detail and Additional

Results
B.1. Macro-Averaged Results for
Multi-label Classification

For completeness, we also report macro-averaged
accuracy, precision, recall and F1 for multi-label
classification on FIGMeMEs in Table 5. Unlike micro-
averaging, macro-averaging computes scores in-
dependently for each label and takes their un-
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Original

FFst' of ;Ié world

*}si of the'world

hen suffer in silence

Inpainted

Corrected

Figure 8: Examples of automatic and manual text removal. For cases where low image resolution hindered
automated OCR detection, the original memes were manually edited to ensure a clean, text-free input for

the model.

weighted mean, which may be less stable in the
presence of label sparsity. These scores are pro-
vided as supplementary reference alongside the
micro-averaged results reported in the main paper.

Model Input | Acc. Prec. Rec. F1
Meme | 57.60 24.41 8272 37.27
Aya-32B -Text 66.80 25.73 61.90 34.71
-Image | 74.06 26.90 39.98 30.23
Meme | 87.50 37.88 55.97 24.57
Gemma-27B  -Text 69.09 34.82 62.08 24.12
-Image | 51.24 31.44 68.56 23.70
Meme | 81.19 41.73 64.69 28.69
Qwen-72B -Text 60.06 3590 7191 28.71
-Image | 41.90 31.92 7427 28.57

Table 5: Macro-averaged accuracy, precision, re-
call and F1 (in %) of models on multi-label classifi-
cation of figurative meanings in FiIGMeMES.

B.2. Main Results with Standard
Deviation

To account for potential performance variations, we
conducted five independent trials for the experi-
ments. The resulting average scores, along with
the standard deviations which indicate the robust-
ness of our approach, are reported in Table 7.

B.3. Model Setup

We evaluate the following vision-language models:
Aya-Vision ¢ (Ustiin et al., 2024), Gemma 37 (Team
et al., 2025), and Qwen2.5-VL8 (Bai et al., 2025).

Shttps://huggingface.co/
collections/CoherelLabs/

cohere-labs-aya-vision-67c4ccd395ca064308eel484

"https://huggingface.
co/collections/google/
gemma-3-release-67c6c6f89c4f76621268bb6d

8https://huggingface.co/collections/Qwen/
gwen25-v1-6795ffac22b334a837c0f9a5

For Gemma and Qwen, we test their instruction-tuned
versions.

All models ran locally on NVIDIA A100 and H200
GPUs with the vLLM® framework (Kwon et al., 2023)
for efficient and consistent inference. Table 6 sum-
marizes the decoding hyperparameters used dur-
ing inference across all models. Each experiment
is repeated 5 times using fixed random seeds: 42,
52, 62, 72, and 82.

Parameter Value
Temperature 0.7
Top-p 0.1
Repetition Penalty 1.05
Max Tokens 512

Table 6: Sampling parameters used during infer-
ence.

B.4. Performance by Label Count

Due to space constraints, Figure 2 in the main text
only presents the performance of the largest model
from each series. Here, we provide the complete
results for all tested models, as shown in Figure 9
and Figure 10.

B.5. Second Prompt Setting Results

In the second prompt setting, we prompt the model
to provide a continuous, probability-like value be-
tween 0 and 1 to indicate the degree to which the
input expresses a specific type of figurative mean-

ing.

Shttps://github.com/vilm-project/vllm
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System:
You are an expert linguistic annotator.

User:

You are asked to annotate whether the input
contains a {FIGURATIVE TYPE} expression
or not.

Definition:
{FIGURATIVE TYPE}: {DEFINITION}

{INPUT}

Please explain why you are assigning this
label. Your explanation should clearly
justify your choice and reference the
relevant visual and/or textual compon-
ents in the input.

Return your answer ONLY as a JSON object
in this exact format:

{
"score":
{FIGURATIVE TYPE}:
probability_between_0_and_1,
"explanation": {generated_explanation}

}

ONLY return a valid JSON object in the

exact format above.
_ J

The averaged score over 5 runs with standard
deviations of experiments with second prompt tem-
plate setup in Table 8.

9474



Model  Size Input FicMemES ‘ MEemoTION 2 ‘ MET-MemEe
Allusion Exag. Irony Anthrop. Metaphor Contrast Sarcasm Metaphor
Baseline \ 52.32 44.00 49.77 41.76 44.87 56.91 \ - \ -
Meme 70.04:000 58.63:000 56.06:006 51.94:000 50.62:0.15 77.95:0.00 63.48:0.00 66.66:0.26
8B -Text 65.44:000 58.52:0.12 10.53:000 48.39:0.19 35.91:022 59.99:0.38 49.64:0.00 54.16:0.22
Aya -Image | 34.78:0.00 30.16:000 57.07:000  8.47:0.00 40.09:000 23.46:0.00 63.01:0.01 57.28:0.13
Meme 66.87:000 61.01:000 61.31:003 54.67:000 54.97:000 70.85:0.07 63.37:0.00 66.77:0.04
32B -Text 67.48:000 59.45:000 42.27:047 51.70:000 39.48:022 60.13:0.07 47.22:0.09 56.03:1.31
-Image | 48.99:0.00 37.66:020 59.09:0.04  9.30:0.00 37.85:005 63.53:0.00 59.82:0.03 50.11+1.62
Meme 70.17:049 53.94:014 62.70:006 51.37:036 53.22:030 56.71:0.11 63.47:0.01 66.91:0.05
4B -Text 58.13:033 58.36:009 31.19:051 52.06:0.19 54.05:0.13 61.84:0.06 62.05:0.05 60.02:0.35
-Image | 33.29:006 43.46:010 58.33:007 3.86:073 47.19:009 61.20:0.13 63.08:0.00 61.42:0.20
Meme 60.27:005 56.09:005 63.01:004 53.00:0.00 42.87:0.19 57.48:0.04 63.54:0.02 67.81:0.01
Gemma 12B -Text 64.06:0.11 56.96:004 45.54:000 53.94:023 31.87:000 59.48:0.00 58.45:0.04 51.84:0.04
-Image | 53.45:0.19 49.79:020 57.97:0.15 11.34:005 35.95:056 66.58:0.28 61.78:0.01 54.80:0.08
Meme 61.32:006 62.32:005 62.51:009 52.99:024 63.64:0.16 62.82:0.15 63.38:0.01 68.21:0.01
27B -Text 58.66:004 60.87:000 42.68:026 53.81:008 52.77:0.12 61.65:0.11 60.46:0.04 53.99:0.02
-Image | 54.66:0.06 41.53:000 60.68:022 13.78:006 47.18:0.16 66.80:0.27 62.77:0.02 57.65:0.07
Meme 59.92:008 52.96:0.18 52.58:022 48.52:1.27 9.10:041  75.62:0.37 63.22:0.00 70.90=0.05
7B -Text 56.77:008 53.26:0.18  9.94:026 48.49:044  3.27:001 71.36:0.20 36.60:0.03 36.22:0.00
-Image | 23.48:0.00 30.33:0.00 26.20:024  1.77:000 6.39:001 45.95:036 56.85:0.00 39.29:0.00
Meme 62.48:0.15 60.06:036 69.81:0.14 56.99:0.16 64.34:025 68.67:0.07 62.58:0.02 69.48:0.04
Qwen 32B -Text 64.78:007 63.66:010 13.56:024 53.51:000 31.80:027 68.68:0.13 27.00:0.18 37.65:0.02
-Image | 56.69:0.00 38.21:000 53.36:0.00 17.78:000 32.63:000 65.56:0.00 56.85:0.09 57.85:0.05
Meme 65.31:017 61.61:006 65.35:004 54.09:0.17 61.76:019 76.76:0.38 62.81:0.00 70.57+x0.18
72B -Text 66.18:008 60.93:009 22.95:026 55.24:033 41.63:028 74.90:0.19 42.90:0.02 50.53:0.40
-Image | 53.80:0.00 37.96:0.00 61.81:000 16.92:000 30.53:000 68.46:0.00 60.30:0.01 55.62:0.05

Table 7: F1 scores (in %) of eight models on the binary classification of figurative meaning types in memes
from three datasets. -Text and -Image denote the ablation of the text or image modality, respectively.
Following Liu et al. (2022a), in FicMemES we consider memes with 0 labels as negative cases, and take

the best-performing benchmark score as baseline. Results are averaged over five runs.

Model Size Input FiIGcMeMES MemoTioN 2 | MET-MemME
Allusion Exag. Irony Anthrop. Metaphor Contrast Sarcasm Metaphor

Baseline \ 52.32 44.00 49.77 41.76 44.87 56.91 \ - \ -

Meme 60.97:005 58.72:011 59.99:003 49.13:007 53.19:013 59.80:0.15 63.27:0.03 66.88:0.01

8B -Text 61.41:005 59.42:008 46.37:000 49.39:005 53.68:006 57.01:0.15 59.17x0.02 63.51:0.04

Aya -Image | 51.66:0.15 30.95:0.08 58.17:006  6.43:004 52.34:0.13 45.69:0.00 56.03:0.04 53.62:0.05
Meme 69.11:000 57.43:004 60.55:000 54.56:0.10 57.41:005 53.47:0.04 63.21:0.00 67.250.00

32B -Text 66.05:000 57.29:000 43.72:004 54.49:000 55.69:028 48.31:0.08 52.69:0.05 63.12:0.02

-Image | 49.40:0.00 41.75:005 61.93:004 12.12:000 46.79:007 51.58:0.16 59.24:0.04 49.47:0.11

Meme 68.25:057 52.29:036 60.95:047 45.66:094 52.14:016 43.75:043 63.47:0.02 66.75=0.02

4B -Text 60.52:045 55.78:026 45.17:040 49.62:036 53.34:030 50.74:0.33 61.30=0.02 61.75z0.01

-Image | 35.48:0.00 46.85:0.12 58.46:004  6.52:003 48.48:004 53.52:0.00 63.37:0.00 60.31:0.00

Meme 61.29:000 58.72:004 61.86:000 52.51:000 52.70:0.05 55.54:0.04 63.39:0.00 64.91:0.03

Gemma 12B -Text 63.42:000 57.75:000 46.98:000 54.16:009 41.09:000 57.35:0.00 54.51:0.08 47.50:0.12
-Image | 53.62:0.00 45.45:0.11 57.93:005  6.78:0.00 41.62:034 69.55:0.28 61.07=0.00 54.41:0.11

Meme 59.13:052 60.75:039 61.80:0.17 52.04:044 62.73:044 64.16:0.58 63.42:0.05 68.67:0.05

27B -Text 60.02:004 61.73:000 52.79:027 51.90:000 54.37:028 59.43:0.06 57.34:0.05 57.90:0.05

-Image | 54.82:003 41.91:000 59.95:0.17 14.69:0.05 49.44:014 64.35:0.14 60.38:0.03 60.17=0.03

Meme 62.60:000 51.23:017 58.77:0.15 51.18:000 30.53:026 61.20:0.22 62.21:0.03 72.26:0.06

7B -Text 61.85:008 53.27:005 20.96:027 47.93:032 31.31:017 57.71:0.15 31.80:0.17 27.43+0.00

-Image | 24.63:0.00 29.65:000 40.82:000 6.72:0.00 30.05:000 53.73:0.06 44.17:0.00 32.62:0.00

Meme 61.76:004 59.10:007 69.79:013 56.07:0.09 63.50:032 60.21:0.29 62.37:0.02 72.54+0.06

Qwen 32B -Text 65.67:010 60.07:0.16 24.03:061 52.72:0.07 52.39:064 62.74:0.39 28.65:0.08 28.12:0.01
-Image | 54.60:0.04 42.71:000 54.97:008 18.92:0.00 46.50:0.10 61.36:0.08 56.31:0.07 49.68:0.06

Meme 67.61:024 57.83:0.15 63.95:022 53.98:028 63.99:051 70.42:0.53 62.68:0.00 74.06:0.01

72B -Text 64.63:007 60.07:009 37.83:034 55.14:027 50.73:036 67.59:0.20 49.17:0.02 47.74+0.00

-Image | 53.61:0.00 38.81:0.00 60.76:0.05 13.85:000 40.52:0.11 69.16:0.00 58.86:0.06 51.08:0.05

Table 8: F1 scores (in %) of eight models on the binary classification of figurative meaning types in memes
from three datasets with the second prompt template. -Text and -Image denote the ablation of the text or
image modality, respectively. Following Liu et al. (2022a), in FiIGMeMESs we consider memes with 0 labels
as negative cases, and take the best-performing benchmark score as baseline. Results are averaged
over five runs.
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Figure 9: Distribution of predicted label counts across eight models. Each subplot shows the frequency of
models predicting 0 to 6 labels, grouped by the actual number of gold labels (0, 1, and 2+).
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Figure 10: Correct prediction counts for eight models across different label complexities. The bar charts
represent the Mean and Standard Deviation (error bars) over five experimental seeds.
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