


Figure 3: Human evaluation results on model-generated explanations.

(a) (b)
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Figure 4: Examples of memes for which MLLMs struggle to generate high-quality 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).

(@) (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.
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ical errors, enhancing the coherence of the final
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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.
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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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