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Abstract

Memes convey implicit pragmatic meanings
through tightly coupled visual and textual cues,
making their interpretation more challenging
than that of conventional image-text pairs. Al-
though large vision-language models (LVLMs)
perform well on multimodal benchmarks, it re-
mains unclear whether they infer non-literal
mechanisms underlying memes, such as irony,
wordplay, or rely mainly on superficial visual-
textual correlations. To study this problem, we
introduce MemeScope, a fine-grained bench-
mark of 1,781 memes annotated with eight
pragmatic mechanisms and stage-wise explana-
tions covering visual grounding, cross-modal
alignment, and pragmatic inference. Building
on MemeScope, we propose a unified inter-
pretability framework that combines layer-wise
probing with hidden-state patching to exam-
ine both the emergence and the causal contri-
butions of meme-level pragmatic representa-
tions within three LVLMs. Our analysis shows
that literal visual and textual cues are often
captured in earlier layers, whereas pragmatic
mechanism information emerges more strongly
in higher layers and shows stronger patching
effects in late-layer multimodal representations.
We further identify a recurring pragmatic drift,
where models ground meme content correctly
but move toward plausible yet incorrect mecha-
nisms during deeper decoding.1

1 Introduction

Memes are a pervasive form of online communi-
cation that convey meaning through the interplay
among visual content, overlaid text, and shared
cultural knowledge (Wilkins, 1998). Unlike con-
ventional image-text tasks, where the target seman-
tics are often literal and explicitly grounded in the
visual scene, meme understanding requires mod-
els to infer non-literal pragmatic meanings such
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1Disclaimer: The samples presented by this paper may be

considered offensive.

Text Factual:
ONE DAY I WILL TURN INTO A 
BEAUTIFUL CATTERFLY
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Which of the following 8 
pragmatic mechanisms best 
describes the core mechanism of 
this meme?
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Figure 1: Motivating example of pragmatic drift in
LVLM meme understanding. For a meme whose
ground-truth pragmatic mechanism is Wordplay, we vi-
sualize the layer-wise probability assigned to each can-
didate mechanism by LLaVA-1.5-7B (Liu et al., 2023).
Although the model initially maintains relatively diffuse
predictions, deeper layers increasingly assign high prob-
ability to plausible but incorrect mechanisms such as
Exaggeration and Progressive Reveal, while the correct
Wordplay signal remains suppressed.

as irony, exaggeration, wordplay, absurdity, and
cultural reference. This capability is essential for
advancing multimodal language understanding and
for building AI systems that can interpret complex
human communication in realistic web environ-
ments, including tasks such as content moderation
(Lai et al., 2022; Markov et al., 2023; Hacker et al.,
2023; Wang et al., 2026b; Li et al., 2026) and harm-
ful content detection (Zhang et al., 2025; Lu et al.,
2024; Wang et al., 2026a,c; Fu et al., 2025; Hu
et al., 2026; Wang et al., 2025).
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Recent progress in LVLMs has led to strong
performance on a wide range of multimodal bench-
marks, including visual question answering (Sima
et al., 2024; Qian et al., 2024), image caption-
ing (Cheng et al., 2025; Kim et al., 2025), and
instruction-following tasks (Liu et al., 2023, 2024).
However, meme understanding remains substan-
tially more difficult. Prior work has shown that
meme-related tasks often require subtle multimodal
reasoning and cannot be reliably solved by uni-
modal cues alone (Kiela et al., 2020). More recent
datasets further highlight that models struggle to
interpret visual metaphors and implicit meanings in
memes, even when they perform well on standard
vision-language tasks (Hwang and Shwartz, 2023).
Nevertheless, most existing studies focus primarily
on end-task performance, such as harmful meme
detection or meme captioning, leaving an impor-
tant question underexplored: When and where do
LVLMs internally construct the pragmatic mech-
anisms required for meme understanding?

To investigate this question, we perform a layer-
wise diagnostic analysis of meme pragmatic reason-
ing in LLaVA-1.5-7B. Figure 1 shows a representa-
tive case where a cat wrapped in a sock is captioned
with the invented word “catterfly”, whose intended
mechanism is Wordplay. Although the humor de-
pends on the portmanteau of “cat” and “butterfly”
and its visual resemblance to a cocoon-like trans-
formation, the model’s deeper layers shift proba-
bility mass toward plausible but incorrect mecha-
nisms such as Exaggeration and Progressive Re-
veal, while the correct Wordplay signal remains
suppressed. We use pragmatic drift to describe
this failure pattern: the model may partially ground
meme content, yet its later representations move
toward an incorrect interpretation of the meme’s
communicative intent. This suggests that meme
understanding failures cannot be fully explained
by poor visual recognition or OCR errors alone,
but require analyzing how non-literal pragmatic
cues emerge and drift inside LVLMs. However, ex-
isting meme datasets typically focus on task-level
labels such as harmfulness, sentiment, or caption-
level interpretation, while interpretability methods
for vision-language models remain largely correla-
tional. Thus, systematically studying LVLM meme
reasoning requires both a fine-grained diagnostic
benchmark and a causal framework for localizing
pragmatic inference across layers and representa-
tions for this underexplored setting.

To address these challenges, we introduce

MemeScope, a fine-grained benchmark for
pragmatic inference in meme understanding.
MemeScope contains 1,781 memes annotated with
eight pragmatic mechanisms: Irony, Exaggeration,
Juxtaposition, Progressive Reveal, Wordplay, Ob-
jectification, Absurdity, and Cultural Reference.
Beyond mechanism labels, each meme is anno-
tated according to a three-stage decomposition of
meme comprehension: visual grounding, which
captures literal visual entities and scenes; cross-
modal alignment, which captures how visual and
textual cues interact or conflict; and pragmatic in-
ference, which captures the implicit mechanism,
background knowledge, and communicative intent.

Building on MemeScope, we propose a uni-
fied interpretability framework that combines layer-
wise probing with hidden-state patching to ana-
lyze how LVLMs construct meme-level pragmatic
meanings. Probing identifies where visual ground-
ing, cross-modal alignment, and pragmatic infer-
ence become decodable from internal representa-
tions, while hidden-state patching causally tests
whether factual representations can restore the cor-
rect pragmatic prediction under counterfactual in-
puts. Across representative LVLMs, our analysis
shows that literal visual and textual cues tend to
emerge earlier, cross-modal alignment becomes
stronger in middle layers, and pragmatic mecha-
nism information is more strongly encoded and
causally concentrated in late-layer multimodal rep-
resentations. We further identify recurring prag-
matic drift, where models partially ground meme
content but shift toward plausible yet incorrect
mechanisms during deeper inference, revealing a
persistent gap between multimodal perception and
pragmatic reasoning.

In summary, our contributions are as follows:

• We introduce MemeScope, a fine-grained
benchmark of 1,781 memes with 8 pragmatic
mechanism labels and stage-wise explanatory
annotations covering visual grounding, cross-
modal alignment, and pragmatic inference.

• We develop a unified interpretability frame-
work that combines layer-wise probing with
hidden-state patching to study both the emer-
gence and causal contributions of pragmatic
representations inside LVLMs.

• Through extensive experiments, we identify
pragmatic drift in LVLM meme understand-
ing and provide patching-based evidence that
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meme-level pragmatic inference relies heavily
on higher-layer multimodal representations.

2 Related Work

2.1 Multimodal Meme Understanding

Multimodal meme understanding has evolved from
task-specific classification toward richer semantic
interpretation (Jha et al., 2024). As summarized
in Table 1, existing datasets cover tasks ranging
from harmful or offensive content classification
(Suryawanshi et al., 2020; Kiela et al., 2020; Chan-
dra et al., 2021; Pramanick et al., 2021; Fersini
et al., 2022; Liu et al., 2022; Sharma et al., 2022;
Lin et al., 2026) to explanation-oriented genera-
tion (Hee et al., 2023; Sharma et al., 2023; Hwang
and Shwartz, 2023; Park et al., 2024; Zhao et al.,
2025). Early benchmarks such as HatefulMemes
(Kiela et al., 2020) and MultiOFF (Suryawanshi
et al., 2020) focus on detecting hateful or offensive
intent, establishing memes as a testbed for evaluat-
ing visual-textual integration. More recent datasets,
such as MemeCap (Hwang and Shwartz, 2023) and
MemeReaCon (Zhao et al., 2025), emphasize in-
terpretation, captioning, reasoning, and contextual
information. These resources show that meme un-
derstanding often requires background knowledge,
figurative reasoning, and cross-modal semantic in-
tegration. However, most existing datasets are still
organized around end-task prediction or free-form
generation. They generally lack fine-grained prag-
matic mechanism labels and are not designed to
support mechanistic probing of how LVLMs inter-
nally construct the meaning of memes.

To address this gap, MemeScope complements
prior meme benchmarks by shifting the focus from
outcome-oriented evaluation to stage-aware anal-
ysis of multimodal pragmatic reasoning. Instead
of merely asking whether a model produces the
correct final label or explanation, MemeScope an-
notates each meme with fine-grained pragmatic
mechanisms and stage-wise explanations that cover
visual grounding, cross-modal alignment, and prag-
matic inference. This design allows us to diagnose
whether an LVLM fails because it cannot recog-
nize relevant visual entities, cannot align them
with textual cues, or cannot infer the intended
non-literal mechanism. Moreover, by explicitly
organizing meme annotations around these stages,
MemeScope provides a basis for layer-wise prob-
ing and causal localization, enabling analysis of

where pragmatic inference emerges and how it is
mediated inside LVLMs.

2.2 Mechanistic Interpretability in LVLMs
Mechanistic interpretability aims to move beyond
end-to-end evaluation by examining the internal
computations that give rise to model behavior. In
language models, probing, causal mediation anal-
ysis, activation patching, and model editing have
been widely used to identify where specific infor-
mation is represented and whether it causally af-
fects model outputs (Hewitt and Liang, 2019; Vig
et al., 2020; Meng et al., 2022; Conmy et al., 2023).
Probing methods can reveal whether information
is decodable from hidden states, but they remain
correlational and do not by themselves establish
whether the model actually uses that information
(Hewitt and Liang, 2019; Belinkov, 2022). In con-
trast, causal methods such as mediation analysis
and activation patching provide stronger evidence
by intervening on internal representations and mea-
suring their effects on model predictions (Vig et al.,
2020; Meng et al., 2022). Compared with text-
only language models, the mechanistic analysis of
LVLMs is still emerging. Existing work has be-
gun to study visual token processing, visual-textual
alignment, compositional visual reasoning, count-
ing, and object-centric reasoning in multimodal
models (Aravindan et al., 2025; Neo et al., 2025;
Liu et al., 2025; Che et al., 2026). However, most
existing analyses focus on relatively literal visual
or compositional capabilities. The internal mecha-
nisms underlying abstract social meaning, figura-
tive interpretation, and pragmatic inference remain
much less understood, even though such abilities
are central to meme understanding. In memes, the
intended meaning may arise from image-text incon-
gruity, cultural reference, visual metaphor, or word-
play, requiring models to infer meanings beyond
literal visual recognition and text reading (Grice,
1975; Sperber and Wilson, 1986).

We extend mechanistic interpretability to non-
literal multimodal reasoning by decomposing
meme comprehension into an operational three-
stage framework: visual grounding, cross-modal
alignment, and pragmatic inference. Leveraging
MemeScope’s stage-wise annotations and counter-
factual inputs, we integrate layer-wise probing with
hidden-state patching. This unified approach distin-
guishes representations that merely correlate with
pragmatic mechanisms from those that causally
drive the final decision, enabling us to precisely
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Dataset Task Type Implicit Pragmatics Mechanistic Probing Size

MultiOFF (Suryawanshi et al., 2020) Classification ✗ ✗ 743
HatefulMemes (Kiela et al., 2020) Classification ✗ ✗ 10k
Jewtocracy (Chandra et al., 2021) Classification ✗ ✗ 6,611
HarMeme (Pramanick et al., 2021) Classification ✗ ✗ 3,544
MAMI (Fersini et al., 2022) Classification ✗ ✗ 15k
FigMemes (Liu et al., 2022) Classification ✗ ✗ 5,141
HVVMemes (Sharma et al., 2022) Classification ✗ ✗ 7k
GOAT (Lin et al., 2026) Classification ✗ ✗ 6,626
HatReD (Hee et al., 2023) Generation ✗ ✗ 3,228
ExHVV (Sharma et al., 2023) Generation ✗ ✗ 4,680
MemeCap (Hwang and Shwartz, 2023) Generation ✓ ✗ 6,387
MemeIntent (Park et al., 2024) Generation ✓ ✗ 950
MemeReaCon (Zhao et al., 2025) Classification & Generation ✓ ✗ 1,565

MemeScope (Ours) Interpretability ✓ ✓ 1,781

Table 1: Comparison of MemeScope with representative multimodal meme datasets. MemeScope differs from prior
datasets by providing fine-grained implicit pragmatic annotations and supporting mechanistic probing of LVLM
meme understanding.

Category Count Percentage

Irony 401 22.5%
Exaggeration 273 15.3%
Juxtaposition 286 16.1%

Progressive Reveal 70 3.9%
Wordplay 187 10.5%

Objectification 216 12.1%
Absurdity 119 6.7%

Cultural Reference 229 12.9%

Total 1,781 100.0%

Table 2: Distribution of pragmatic mechanism labels in
MemeScope.

localize where LVLMs construct, distort, or lose
implicit meanings across internal layers.

3 MemeScope Dataset

To support fine-grained evaluation and mechanistic
analysis of LVLM meme understanding, we con-
struct MemeScope2, which annotates both prag-
matic mechanisms and stage-wise explanations.
This allows us to diagnose whether LVLM failures
arise from visual grounding, cross-modal align-
ment, or pragmatic inference.

3.1 Data Collection and Selection

MemeScope is built from four representative mul-
timodal meme datasets: MultiOFF (Suryawanshi
et al., 2020), ExHVV (Sharma et al., 2023), Meme-
Cap (Hwang and Shwartz, 2023), and MemeRea-
Con (Zhao et al., 2025). We retain only memes
that require non-literal pragmatic reasoning beyond
literal image or text cues, such as image-text in-

2The data can be accessed here.

congruity, cultural reference, wordplay, figurative
expression, or commonsense violation. Further
construction details are provided in Appendix A.1.

3.2 Annotation Schema

MemeScope decomposes meme comprehension
into three stages: visual grounding, which de-
scribes literal entities and actions; cross-modal
alignment, which captures how text relates to visual
elements; and pragmatic inference, which identi-
fies the non-literal mechanism and communicative
intent. Each meme is assigned one of eight labels:
Irony, Exaggeration, Juxtaposition, Progressive Re-
veal, Wordplay, Objectification, Absurdity, and Cul-
tural Reference. Their definitions are provided in
Appendix A.2; when multiple mechanisms are plau-
sible, annotators select the dominant one that best
explains the meme’s core communicative effect.
Detailed annotations are shown in Appendix A.3.

3.3 Annotation Quality Control

We adopt a data annotation process that combines
the assistance of a multimodal large language
model and manual review. We employ GPT-5.4
3 first to generate a structured draft, and then hire
three doctoral candidates to conduct the review.
The reviewers would check the visual descriptions,
the mapping between text and images, pragmatic
labels, background knowledge, and intention de-
scriptions. In cases of disagreement, discussions
would be held to resolve the issues. Further de-
tails of the annotation quality control process are
provided in Appendix A.4.

3https://openai.com/index/introducing-gpt-5-4/
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3.4 Dataset Statistics
Ultimately, the MemeScope dataset contains 1,781
annotated memes across eight pragmatic mecha-
nisms. The full distribution is shown in Table 2.

4 Method

Figure 2 illustrates our framework for interpreting
LVLM meme understanding. Given a meme input,
we analyze not only whether the model predicts
the correct pragmatic mechanism, but also when
this information emerges and which internal states
causally affect the decision. Our framework com-
bines layer-wise probing, which identifies where
visual grounding, cross-modal alignment, and prag-
matic inference become decodable, with hidden-
state patching, which localizes the layers and token
groups that mediate the final pragmatic prediction.

4.1 Task Formulation
LetM denote an LVLM with L transformer layers.
For each meme input

x = (I, T, P ), (1)

where I is the meme image, T is the extracted
or provided meme text, and P is the task prompt
specifying the candidate pragmatic mechanisms,
M predicts a pragmatic mechanism

yprag =M(x), yprag ∈ Y. (2)

Here, Y contains eight categories: Irony, Exagger-
ation, Juxtaposition, Progressive Reveal, Wordplay,
Objectification, Absurdity, and Cultural Reference.

4.2 State Extraction
The visual encoder converts the image I into vi-
sual features, which are mapped into the language
model embedding space as visual tokens Xv. The
meme text and prompt are tokenized into text and
prompt tokens, denoted as Xt and Xp. The result-
ing input sequence is

X = [Xp;Xt;Xv], (3)

where the ordering follows the corresponding
model-specific input template.

During the forward pass, the transformer back-
bone produces hidden states at each layer.

H(l) = [h
(l)
1 , h

(l)
2 , . . . , h(l)n ], (4)

Let H(l) denote the hidden states of all input tokens
at layer l, where h

(l)
i ∈ Rd. We use pooled repre-

sentations over selected token groups for analysis.

Unless otherwise specified, the default represen-
tation for layer-wise probing is the hidden state
at the final input position, denoted as h

(l)
x . For

token-group causal analysis, we additionally con-
sider visual tokens, text tokens, prompt tokens, and
fused multimodal states.

4.3 Layer-wise Probing for Semantic
Emergence

Layer-wise probing is used to identify at which
stages of meme understanding the model’s internal
representations become decodable. We consider
three stages aligned with the MemeScope annota-
tion schema: visual grounding, cross-modal align-
ment, and pragmatic inference. For each layer l and
each stage s ∈ {ground, align, prag}, we train a
lightweight linear probe on top of the frozen LVLM
representation.

Given the layer-l representation h
(l)
x , the probe

predicts the stage-specific label as

p(l)s (y | x) = softmax
(
W (l)

s h(l)x + b(l)s

)
, (5)

where W (l)
s and b

(l)
s are the parameters of the probe

for stage s at layer l. The LVLM parameters remain
frozen throughout probing. We optimize only the
probe parameters using cross-entropy loss:

L(l,s)probe = −E(x,ys) log p
(l)
s (ys | x), (6)

where ys is the MemeScope annotation for stage s.
High probing performance indicates that stage-

specific information is linearly decodable at a given
layer, but it does not show whether the model ac-
tually uses this information for prediction. We
therefore use probing to characterize layer-wise
emergence, and then apply hidden-state patching
to test whether these representations causally affect
the final pragmatic decision.

4.4 Causal Intervention via Hidden-State
Patching

While probing identifies where information is en-
coded, it does not reveal whether the model uses it
for prediction. To test causal contribution, we per-
form hidden-state patching using factual input xf
(preserving the original pragmatic cue) and coun-
terfactual input xc (replacing the meme text with
a literal visual description). Let h(l)f and h

(l)
c de-

note the hidden states at layer l for the factual and
counterfactual runs.
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ONE DAY WILL TURN INTO A
BEAUTIFUL CATTERFLY

Text Factual

Text Counterfactual
A cat is inside a sock. The sock covers 
most of the cat‘s body.  The image 
labels this combination with a made-up 
word based on cat and butterfly.

A. Layer-wise Probing for Semantic Emergence (Correlation)
① Input Construction ② Tokenization & Embedding

LV
LM

Prompt Tokens

Text Tokens

Visual Tokens

③ LVLM with L Transformer Layers
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Input Sequence X=[Xp; Xt; Xv]

Stage 1: Visual Grounding

C. Outcome: Pragmatic Inference Emerges Late and Is Causally Concentrated in Higher Layers

B. Causal Intervention via Hidden State Patching (Causation)

Stage 2: Cross-modal Alignment

Stage 3: Pragmatic Inference

We focus our layer-wise probing specifically on Stage 3, 
the principal bottleneck of meme comprehension.
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Figure 2: Overview of our interpretability framework. Panel A performs layer-wise probing to analyze the
emergence of visual grounding, cross-modal alignment, and pragmatic inference across transformer layers. Panel B
conducts causal intervention via hidden-state patching, where factual hidden states are injected into counterfactual
runs to measure their causal contribution to the final pragmatic prediction.

We first compute the model’s probability of the
target pragmatic mechanism under both unmodified
inputs. The total effect of the factual pragmatic cue
is defined as

TE = P (yprag | xf )− P (yprag | xc). (7)

A larger TE indicates that removing the prag-
matic cue substantially reduces the model’s confi-
dence in the correct mechanism.

To measure the causal contribution of layer l,
we run the model on the counterfactual input xc
and replace the last token’s hidden state with the
corresponding factual hidden state (e.g., the final
text token or [CLS]/pooled token in the fused mul-
timodal representation):

h
(l)
c,last ← h

(l)
f,last. (8)

This intervention is denoted using the do(·) oper-
ator. The indirect effect mediated by the last token
at layer l is

IE(l) = P
(
yprag | do

(
h
(l)
c,last = h

(l)
f,last

)
, xc

)

− P (yprag | xc).
(9)

Intuitively, IE(l) measures how much the factual
representation at the last token of layer l restores
the correct pragmatic prediction when inserted into
the counterfactual run.

To normalize the mediated effect across exam-
ples, we compute the effect ratio

Ratio(l) =
IE(l)

TE
. (10)

We compute this quantity across layers to obtain
a layer-wise causal localization map. In addition,
we perform token-group patching by applying the
same intervention to different subsets of hidden
states, including visual tokens, text tokens, prompt
tokens, and fused multimodal states. This allows
us to identify not only which layers are causally im-
portant, but also which modality-specific or fused
representations mediate pragmatic inference.

4.5 Interpretation of the Framework

The two components of our framework play distinct
roles. Layer-wise probing identifies when stage-
specific information becomes decodable, while
hidden-state patching tests whether it causally af-
fects the final pragmatic prediction. Together, they
distinguish representations that are merely encoded
from those that actually mediate meme-level prag-
matic inference. This is crucial for analyzing
LVLMs that may ground visual or textual cues cor-
rectly but still drift toward an incorrect pragmatic
mechanism in later layers.

5 Experimental Setup

We evaluate three representative open-weight
LVLMs: LLaVA-1.5-7B (Liu et al., 2023),
Qwen2.5-VL-7B (Bai et al., 2025b), and Qwen3-
VL-8B (Bai et al., 2025a). All LVLM parameters
are kept frozen throughout evaluation, probing, and
patching. We use stratified 5-fold cross-validation
on MemeScope, with 80% of samples used for
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Model Input Acc. Macro-F1 Ground. F1 Align. F1

LLaVA-1.5-7B
Full 47.3% 41.8% 66.2% 51.4%

OCR/Text 39.5% 34.2% 30.8% 37.5%
Image 35.8% 29.6% 59.4% 33.2%

Qwen2.5-VL-7B
Full 53.8% 48.7% 71.6% 57.9%

OCR/Text 44.6% 39.7% 33.4% 42.8%
Image 40.7% 35.1% 64.8% 38.6%

Qwen3-VL-8B
Full 58.2% 53.4% 75.8% 62.3%

OCR/Text 48.9% 44.1% 36.5% 46.8%
Image 44.5% 38.9% 68.7% 42.7%

Table 3: Main results on MemeScope. Acc. and Macro-F1 evaluate 8-way pragmatic mechanism classification.
Stage-wise scores are reported as Macro-F1.

Figure 3: Layer-wise probing performance over normalized layer depth for LVLMs with different numbers of
transformer layers. Grounding signals are strongest in early layers, alignment peaks around middle layers, and
pragmatic signals increase mainly in later layers. All scores are reported as Macro-F1.

training or development and 20% held out for test-
ing in each fold. Since the label distribution is
naturally imbalanced, we use Accuracy and Macro-
F1 as the primary metric. Direct LVLM evaluation
is performed without fine-tuning; the development
split is used only for prompt calibration. Layer-
wise probes are trained on the training split and
evaluated on the held-out split, whereas hidden-
state patching is performed only on the held-out
examples. The main experimental setup is summa-
rized in Appendix B and Appendix C.

6 Results and Analysis

6.1 RQ1: Where Do LVLMs Fail in Meme
Comprehension?

Table 3 reports the main results on MemeScope.
Full multimodal input consistently outperforms
OCR/Text-only and Image-only settings, showing
that pragmatic meme understanding benefits from
joint visual-textual modeling. Still, the strongest
model remains far from solving the 8-way non-
literal mechanism classification task.

The stage-wise results reveal a clear bottleneck:
performance is highest on visual grounding, lower

on cross-modal alignment, and lowest on pragmatic
inference. This suggests that LVLMs can often
recognize literal meme content, but still struggle to
infer the intended non-literal mechanism.

6.2 RQ2: How Does Pragmatic Meaning
Emerge Across Layers?

Figure 3 reports layer-wise probing results over nor-
malized layer depth, allowing comparison across
LVLMs with different numbers of transformer lay-
ers. Across models, grounding information is
strongest in early layers, alignment information
peaks around middle layers, and pragmatic mecha-
nism information increases mainly in later layers.

Pragmatic probing remains consistently lower
than grounding and alignment, indicating that
meme-level pragmatic mechanisms are harder to
linearly decode than literal visual evidence or cross-
modal correspondences. This supports the three-
stage design of MemeScope and motivates the
causal analysis in RQ3.
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Figure 4: Layer-wise causal mediation of pragmatic
inference measured by normalized indirect effect ratio
(IE/TE).
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Figure 5: Layer × token-group causal effect heatmap
for LLaVA-1.5-7B.

6.3 RQ3: Which Internal Representations
Causally Mediate Pragmatic Inference?

We use hidden-state patching to test whether late-
layer pragmatic signals influence LVLM predic-
tions under controlled interventions. Figure 4
shows that patching effects are weak in early lay-
ers, rise through middle layers, and peak in late
layers, suggesting a stronger patching-based causal
contribution from higher-layer representations.

Figure 5 further breaks down causal contribu-
tions across token groups for LLaVA-1.5-7B. Fused
multimodal states and OCR/Text tokens mediate
the strongest effects, while visual and prompt to-
kens contribute less. The strongest effects occur
primarily in middle-to-late and late layers, show-
ing that meme-level pragmatic inference depends
mainly on late-stage multimodal integration rather
than visual grounding alone. Additional token-
group analyses are provided in Appendix E.

6.4 RQ4: Do LVLMs Over-rely on Textual
Cues?

Figure 6 shows that full input achieves the high-
est Macro-F1, confirming that joint visual-textual
modeling benefits meme pragmatic understanding.
Text-only input consistently outperforms Image-
only input, highlighting the importance of textual
cues. Counterfactual text xc is created by neutral-
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Figure 6: Modality ablation results measured by Macro-
F1. Full multimodal input performs best, OCR/Text-
only input outperforms Image-only, and counterfactual
or shuffled inputs reduce performance, showing that
LVLMs partially rely on textual cues.

izing or replacing only the core pragmatic trigger
while preserving the sentence structure and narra-
tive style. Shuffled image-text pairs reduce perfor-
mance by breaking cross-modal alignment. Macro-
F1 remains moderate, indicating that LVLMs par-
tially rely on textual cues without fully verifying
that the text is grounded in the image. This aligns
with the inherent difficulty of 8-way non-literal
pragmatic mechanism classification.

6.5 Qualitative Analysis: Pragmatic Drift in
Meme Understanding

Figure 1 illustrates a representative pragmatic drift
case. The catterfly meme requires identifying Word-
play, since “catterfly” blends “cat” and “butterfly”
while the sock-covered cat evokes a cocoon-like
transformation. LLaVA-1.5-7B captures several lo-
cal cues, but its later-layer predictions shift toward
Exaggeration and Progressive Reveal, leaving the
correct mechanism suppressed.

This failure is not simply an OCR or visual
recognition error. The model partially grounds the
meme content but fails to preserve the fine-grained
relation that defines the intended pragmatic mech-
anism. This qualitative pattern aligns with RQ2
and RQ3: pragmatic information emerges late, re-
mains weaker than grounding and alignment, and
is mediated by late-layer fused and OCR/Text rep-
resentations. More cases are shown in Appendix G.

7 Conclusion

In this paper, we introduce MemeScope, a fine-
grained benchmark for LVLM meme understand-
ing. Combining stage-wise annotations with prob-
ing and hidden-state patching, we show that prag-
matic signals emerge later than grounding and

21930



alignment, with stronger patching effects in late-
layer fused multimodal and OCR/Text representa-
tions. We also identify pragmatic drift, where mod-
els partially ground meme content yet shift toward
plausible but incorrect mechanisms. These find-
ings highlight meme understanding as a testbed for
studying the gap between multimodal perception
and non-literal pragmatic reasoning in LVLMs.

Limitations

MemeScope is designed for fine-grained diagno-
sis rather than large-scale pretraining, and its size
is therefore smaller than web-scale meme collec-
tions. Although all annotations are human-verified,
meme interpretation can remain ambiguous, espe-
cially for culturally specific, temporally sensitive,
or cross-lingual cases. In addition, our experiments
focus on three representative open-weight LVLMs
because our probing and hidden-state patching anal-
yses require access to internal layer-wise represen-
tations. This design enables mechanistic analysis,
but it does not cover closed-source frontier LVLMs
whose hidden states are inaccessible. Extending
MemeScope to larger and more culturally diverse
meme collections, as well as evaluating closed-
source LVLMs through prompting-only protocols,
remains important future work.

Ethics Statement

MemeScope is intended for research on multimodal
pragmatic reasoning and LVLM interpretability.
Since memes may contain offensive, political, or
culturally sensitive content, our annotations de-
scribe pragmatic mechanisms and communicative
intent without endorsing the underlying messages.
The dataset is constructed through LLM-assisted
annotation followed by full human verification to
reduce hallucinations and misinterpretations. Upon
acceptance, we will release annotations, prompts,
evaluation scripts, and dataset metadata for re-
search use, subject to the redistribution constraints
of the original meme images. Our findings also
caution against using current LVLMs for fully auto-
mated moderation of non-literal meme content, as
they may misinterpret pragmatic mechanisms and
drift toward plausible but incorrect meanings. We
do not attempt to identify individuals appearing in
meme images, and all released metadata and anno-
tations are intended for research use only. Original
images remain subject to the access and redistribu-
tion terms of their source datasets.
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Appendix

A Details of Dataset Construction

A.1 Dataset Construction Details
MemeScope is constructed to support fine-grained
analysis of LVLM meme understanding, with a par-
ticular focus on non-literal pragmatic inference.
We begin with candidate memes sampled from
four existing multimodal meme datasets: MultiOFF
(Suryawanshi et al., 2020), ExHVV (Sharma et al.,
2023), MemeCap (Hwang and Shwartz, 2023), and
MemeReaCon (Zhao et al., 2025). These sources
provide diverse meme styles, topics, and image-text
configurations. We briefly describe each source be-
low.

• MultiOFF (Suryawanshi et al., 2020): A mul-
timodal offensive meme dataset designed for
detecting offensive content from paired image
and text. It provides socially grounded meme
examples where meaning often depends on the
interaction between visual and textual cues.

• ExHVV (Sharma et al., 2023): A dataset fo-
cusing on visual-verbal meme interpretation.
It contains memes that require understanding
how image and text jointly convey implicit
meanings, making it useful for collecting can-
didates with non-literal or figurative content.

• MemeCap (Hwang and Shwartz, 2023):
A captioning-oriented meme understanding
dataset. It emphasizes generating explana-
tions or captions for memes, and therefore
contains many examples involving visual
metaphors, background knowledge, and im-
plicit semantic relations.

• MemeReaCon (Zhao et al., 2025): A
reasoning-oriented meme dataset that high-
lights contextual and commonsense reasoning
in meme interpretation. It provides examples
where understanding the intended meaning re-
quires going beyond surface-level image-text
matching.

Source Dataset Count Percentage

ExHVV (Sharma et al., 2023) 501 28.1%
MemeCap (Hwang and Shwartz, 2023) 796 44.7%
MemeReaCon (Zhao et al., 2025) 359 20.2%
MultiOFF (Suryawanshi et al., 2020) 125 7.0%

Total 1,781 100.0%

Table 4: Source dataset composition of MemeScope
after filtering and human verification.

We apply a filtering process to ensure that each
retained meme requires more than literal image
recognition or text reading. Specifically, we keep
samples that satisfy the following criteria:

Filtering Criteria for MemeScope Construc-
tion

• It contains both visual and textual cues.

• Its intended meaning cannot be recovered from
either modality alone.

• Its interpretation involves a pragmatic mechanism,
such as irony, exaggeration, wordplay, cultural ref-
erence, absurdity, or image-text incongruity.

• The image is readable enough for both visual and
textual interpretation.

We remove duplicates, near-duplicates, low-resolution
images, memes with unreadable text, and samples whose
meanings are purely literal.

Table 4 reports the source composition of
MemeScope. We construct MemeScope by sam-
pling from four existing multimodal meme datasets:
MultiOFF (Suryawanshi et al., 2020), ExHVV
(Sharma et al., 2023), MemeCap (Hwang and
Shwartz, 2023), and MemeReaCon (Zhao et al.,
2025). These sources provide complementary cov-
erage of offensive content, visual-verbal interpre-
tation, caption-style explanation, and reasoning-
oriented meme understanding. After filtering and
human verification, MemeScope contains 1,781
memes in total. MemeCap contributes the largest
portion, while MultiOFF contributes a smaller
but useful set of offensive and socially grounded
memes.

A.2 Pragmatic Mechanism Definitions

Table 5 provides the definitions of the eight prag-
matic mechanism labels used in MemeScope.
When multiple mechanisms are present, annotators
select the dominant mechanism that best explains
the meme’s core communicative effect.

21934

https://doi.org/10.18653/v1/2025.emnlp-main.176
https://doi.org/10.18653/v1/2025.emnlp-main.176
https://doi.org/10.18653/v1/2025.emnlp-main.176


Mechanism Definition

Irony The meme conveys a meaning that contrasts with its literal wording or apparent situation. The
intended stance differs from the surface expression.

Exaggeration The meme amplifies a situation, emotion, trait, or consequence beyond its realistic scale, relying
on overstatement or hyperbole.

Juxtaposition The meme places contrasting elements side by side, such as image versus text, expectation versus
reality, or past versus present. The meaning arises from the contrast.

Progressive Reveal The meme discloses information in stages, causing an initial interpretation to be revised or
overturned by later text or visual content.

Wordplay The meme relies on linguistic manipulation, such as puns, phonetic similarity, spelling variation,
portmanteau, or double meaning.

Objectification The meme maps abstract ideas, people, emotions, groups, or situations onto concrete visual
entities through labels or symbolic assignment.

Absurdity The meme presents an impossible, surreal, illogical, or commonsense-violating situation, with the
effect arising from its irrationality.

Cultural Reference The meme depends on external cultural, social, historical, political, or community-specific
knowledge that must be recognized to infer the intended meaning.

Table 5: Definitions of the eight pragmatic mechanism labels in MemeScope.

A.3 Annotation Prompts

After filtering, each retained meme is converted
into a structured annotation instance. Each instance
contains the meme image, extracted or provided
meme text, a factual text description, a counterfac-
tual text description, and stage-wise annotations
for visual grounding, cross-modal alignment, and
pragmatic inference. The counterfactual text is
designed to preserve literal content while neutraliz-
ing the original pragmatic cue, making it suitable
for the hidden-state patching experiments in Sec-
tion 4.4.

To support reproducibility, we provide the an-
notation schema and an abbreviated version of the
LLM-assisted annotation prompt. The full prompt
with complete two-shot examples will be released
together with MemeScope.

Prompt for LLM-assisted MemeScope Anno-
tation
You are an expert annotator in multimodal cognitive lin-
guistics and internet culture. Your task is to analyze the
provided meme image, extract its original text, and out-
put a strict JSON object following a 3-Stage Cognitive
Decomposition protocol.
Protocol Definitions:

1. text_factual: The exact original text in the meme.

2. text_counterfactual: A literal, boring, and logi-
cal description of the visual scene, with metaphors,
irony, emotional conflict, and other pragmatic effects
removed.

3. stage1_grounding: Objective description of phys-
ical entities, scenes, actions, and visible text.

4. stage2_alignment: Mapping between textual cues
and visual elements, including any literal conflict or
incongruity.

5. stage3_pragmatics: The implicit mechanism, re-
quired background knowledge, and pragmatic mech-
anism.

Candidate pragmatic mechanisms: Irony, Exaggeration,
Juxtaposition, Progressive Reveal, Wordplay, Objectifica-
tion, Absurdity, and Cultural Reference.
Final Output Instructions: Extract the meme text accu-
rately using | as a separator. Return only a raw JSON
object with the required fields. Do not include markdown
formatting.

Required Annotation Schema

{
"meme_id": "...",
"image_path": "...",
"text_factual": {

"text": "..."
},
"text_counterfactual": {

"text": "..."
},
"annotations": {

"stage1_grounding": {
"literal_visuals": "..."

},
"stage2_alignment": {

"text_image_mapping": "...",
"literal_conflict": "..."

},
"stage3_pragmatics": {

"implicit_mechanism": "...",
"background_knowledge": "...",
"pragmatic_intent": "..."

}
}

}

Abbreviated Annotation Example

{
"meme_id": "memescope_0002.png",
"image_path": "memescope_images/memescope_0002.png",
"text_factual": {

"text": "Does writing code make you happy? | YES |
YESTERDAY IT ONLY MADE ME CRY 3 TIMES"

},
"text_counterfactual": {

"text": "A sword is being drawn | YES | The blade
contains a longer written message"
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Figure 7: Example meme from MemeScope
(memescope_0002.png) with corresponding stage-wise
annotations.

},
"annotations": {

"stage1_grounding": {
"literal_visuals": "The image shows a sword-drawing
meme template. A question appears above the image,
and additional text is gradually revealed on the
sword blade."

},
"stage2_alignment": {

"text_image_mapping": "{’YES’: ’initial visible
answer on the blade’, ’YESTERDAY IT ONLY MADE ME CRY
3 TIMES’: ’hidden continuation revealed later’}",
"literal_conflict": "A sword cannot literally answer
a question about coding happiness. The humor comes
from the contrast between the short positive answer
and the painful hidden qualification."

},
"stage3_pragmatics": {

"implicit_mechanism": "Progressive Reveal",
"background_knowledge": "Programming is often
described online as rewarding but emotionally
frustrating.",
"pragmatic_intent": "The meme humorously presents
coding as enjoyable while revealing that it still
causes repeated frustration."

}
}

}

Figure 7 shows a representative meme from
MemeScope, along with its detailed stage-wise
annotations. This example illustrates how visual
grounding, cross-modal alignment, and pragmatic
inference are annotated:

• Visual Grounding (Stage 1): Literal enti-
ties and actions are described, including the
sword-drawing meme template and the visual
elements gradually revealed on the blade.

• Cross-modal Alignment (Stage 2): Text-
image mapping and conflicts are annotated,
highlighting where textual cues contrast with
visual content to produce non-literal meaning.

• Pragmatic Inference (Stage 3): Implicit
mechanism, background knowledge, and prag-

matic mechanism are annotated, capturing the
non-literal humor and underlying narrative.

This example demonstrates the granularity and
depth of annotations in MemeScope, allowing us
to analyze where LVLMs correctly ground literal
content but may still fail at pragmatic inference.

A.4 Annotation Quality Control
MemeScope follows an LLM-assisted, human-
verified annotation pipeline. The LLM is used to
generate initial structured drafts, but all final anno-
tations are determined by human reviewers. Three
Ph.D. candidates review every meme instance. Dur-
ing verification, reviewers check the correctness
of visual descriptions, text-image mappings, prag-
matic mechanism labels, background knowledge,
pragmatic mechanisms, and counterfactual text.

The review process focuses on three common
sources of error. First, reviewers correct visual hal-
lucinations, such as objects or actions that are not
present in the image. Second, they revise incor-
rect or incomplete text-image mappings, especially
when the meme relies on a subtle visual-textual
relation. Third, they adjudicate pragmatic mech-
anism labels when multiple mechanisms appear
plausible. In such cases, reviewers select the dom-
inant mechanism that best explains the meme’s
intended communicative effect.

Disagreements are resolved through discussion.
If no single mechanism can be reliably determined,
the sample is removed from the dataset. This con-
servative strategy helps ensure that MemeScope
supports stable evaluation of pragmatic mechanism
understanding. To quantify annotation reliability,
we compute inter-annotator agreement on prag-
matic mechanism labels using Fleiss’ Kappa. The
agreement score was κ = 0.72, indicating substan-
tial agreement among annotators.

B Experimental Setup

B.1 Models
We evaluate three representative open-weight large
vision-language models (LVLMs) in this work.
These models cover different LVLM families and
allow us to test whether the observed interpretabil-
ity patterns persist across architectures. All LVLM
parameters are kept frozen throughout evaluation,
probing, and patching. Their key characteristics
are summarized below.

• LLaVA-1.5-7B (Liu et al., 2023): Based on
the Vicuna language backbone, this model has
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32 transformer layers and approximately 7B
parameters. It integrates visual input through
a visual encoder and multimodal adapters to
enable joint image-text understanding.

• Qwen2.5-VL-7B (Bai et al., 2025b): A 7B
parameter LVLM with 28 transformer layers.
It uses a pre-trained Qwen language model as
a backbone and incorporates multimodal fu-
sion modules for visual grounding and cross-
modal alignment. It supports high-quality
multimodal reasoning across images and text.

• Qwen3-VL-8B (Bai et al., 2025a): An 8B
parameter LVLM with 36 transformer layers.
Extends Qwen2.5-VL with larger model ca-
pacity and deeper layers for enhanced multi-
modal integration. Designed for robust rea-
soning on complex image-text tasks, including
pragmatic inference in memes.

B.2 Evaluation Protocol
We use stratified 5-fold cross-validation on
MemeScope. In each fold, 80% of the samples
are used for training or development, and the re-
maining 20% are held out for testing. The folds pre-
serve the distribution of the eight pragmatic mech-
anisms. Direct LVLM evaluation is performed
without fine-tuning; the development split is used
only for prompt calibration. Layer-wise probes are
trained on the training split and evaluated on the
corresponding held-out split. Hidden-state patch-
ing is conducted on held-out examples.

B.3 Metrics
We use Macro-F1 as the primary metric for the
final eight-way pragmatic mechanism classification
task, since MemeScope is label-imbalanced. We
also report Accuracy for completeness.

The stage-wise scores in Table 3 are diagnostic
metrics for intermediate comprehension abilities
and are not identical to the final Macro-F1. Specif-
ically, Ground. F1 measures performance on the
visual grounding diagnostic task, and Align. F1
measures performance on the cross-modal align-
ment diagnostic task. Both are reported as Macro-
F1 over their corresponding stage-specific label
spaces.

For layer-wise probing, we report Macro-F1 at
each layer to measure how linearly decodable each
stage-specific signal is from hidden representations.
For hidden-state patching, we report the total effect,
indirect effect, and normalized causal effect ratio

defined in Section 4.4, which quantify whether in-
ternal representations causally affect the final prag-
matic prediction.

B.4 Implementation Details
All models are evaluated with a unified multiple-
choice prompt over the same eight pragmatic
mechanisms. We consider full multimodal input,
OCR/Text-only input, Image-only input, image
with counterfactual text, and shuffled image-text
pairs for modality analysis. For probing, we ex-
tract hidden states from every transformer layer
and train independent linear probes without updat-
ing the LVLM. For causal patching, each factual
input xf is paired with a counterfactual input xc,
and we replace the counterfactual hidden state with
the corresponding factual hidden state following
h
(l)
c ← h

(l)
f . All experiments are conducted on a

single Nvidia A100-PCIE-40G GPU using Python
3.10.18 and PyTorch 2.5.1.

C Experimental Details

C.1 Candidate Label Set
Each meme is evaluated as an eight-way pragmatic
mechanism classification problem. The candidate
label set is:

Y = {Irony,Exaggeration, Juxtaposition,

Progressive Reveal,Wordplay,

Objectification,Absurdity,

Cultural Reference}.

(11)

Models are prompted to select exactly one label
that best describes the core pragmatic mechanism
of the meme.

C.2 Prompting and Output Normalization
We use the same multiple-choice prompt across all
LVLMs. The prompt presents the meme image,
the meme text when available, and the eight candi-
date mechanisms. Model outputs are first parsed
by exact label matching. If the output contains a
synonymous term, we apply deterministic alias nor-
malization, such as mapping “pun” to Wordplay.
Outputs that cannot be mapped to any candidate
label are treated as invalid predictions.

Test Prompt for LVLM

USER: <image>
Text on meme: {meme_text}
Which of the following 8 pragmatic mechanisms best

describes the core mechanism of this meme?
A) Irony/Sarcasm
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B) Exaggeration/Hyperbole
C) Juxtaposition/Contrast
D) Progressive Reveal
E) Wordplay/Pun
F) Objectification/Labeling
G) Absurdity/Surrealism
H) Cultural/Stereotype Reference
Answer with the correct option letter directly.
ASSISTANT: The best option is

The same candidate label set is used for all mod-
els. During evaluation, outputs are normalized by
exact label matching and a small set of determinis-
tic label aliases, such as mapping “pun” to Word-
play when the model uses a synonymous term.

C.3 Input Settings

For modality analysis, we evaluate five input set-
tings. Full input provides the image, OCR/text, and
task prompt. OCR/Text-only removes the image
and keeps only the meme text and prompt. Image-
only provides the image and prompt without sepa-
rately supplying OCR/text. Image + counterfactual
text replaces the original meme text with a literal-
ized counterfactual version. Shuffled pair randomly
pairs an image with text from another meme.

C.4 Layer-wise Probing

For each LVLM, we extract hidden states from
every transformer layer while keeping the model
frozen. Unless otherwise stated, the hidden state at
the final input position is used as the default repre-
sentation. Each layer is equipped with an indepen-
dent linear probe trained with cross-entropy loss on
the training split of each fold. Probe performance is
reported on the held-out split and averaged across
folds.

C.5 Hidden-state Patching

For causal localization, each example is paired with
a factual input xf and a counterfactual input xc.
The factual input preserves the original pragmatic
cue, while the counterfactual input removes or neu-
tralizes it while retaining literal content as much
as possible. During patching, we run the model
on xc and replace the target hidden state with the
corresponding factual hidden state from xf :

h(l)c ← h
(l)
f .

We apply this intervention across layers to obtain
a layer-wise causal localization curve. We also
patch different token groups, including visual to-
kens, OCR/Text tokens, prompt tokens, and fused
multimodal states.

C.6 Diagnostic Label Spaces

The stage-wise scores reported in Table 3 are di-
agnostic classification metrics rather than free-
form explanation-generation metrics. Although
MemeScope provides natural-language annotations
for visual grounding, cross-modal alignment, and
pragmatic inference, we derive discrete diagnostic
targets for visual grounding and cross-modal align-
ment to support controlled evaluation and layer-
wise analysis. These diagnostic targets are used
to measure whether models capture the intermedi-
ate evidence and cross-modal relations needed for
meme interpretation.

For each meme instance, the free-form annota-
tions for visual grounding and cross-modal align-
ment are mapped to one categorical label in the
corresponding diagnostic label space. The map-
ping is performed during the human verification
stage: annotators first inspect the structured annota-
tion generated by the LVLM-assisted pipeline, and
then assign or correct the dominant diagnostic label
for each stage. When more than one label is plau-
sible, annotators select the label that best captures
the primary evidence needed to interpret the meme.
Instances for which no stable dominant label can
be determined are removed from the dataset.

Visual Grounding. The visual grounding tar-
get captures the dominant type of visual evidence
that must be recognized before higher-level meme
interpretation is possible. We use the follow-
ing six labels: Human/Character-centric, Object-
centric, Scene/Event-centric, Text-layout/Template-
centric, Symbolic/Metaphorical visual cue, and
Mixed visual evidence. This target does not evalu-
ate whether the model generates the exact natural-
language visual description; instead, it evaluates
whether the model representation encodes the cor-
rect type of visual evidence.

Cross-modal Alignment. The cross-modal align-
ment target captures the dominant relation between
the meme text and the visual content. We use
the following six labels: Text-image reinforcement,
Text-image contrast/incongruity, Label-to-entity
mapping, Sequential/reveal-based alignment, Vi-
sual instantiation of abstract text, and External-
reference alignment. This target is intended to diag-
nose whether the model captures how textual cues
interact with visual elements, rather than whether
it produces a full natural-language explanation.
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Diagnostic task Prediction target Label space size

Visual Grounding Dominant visual evidence type 6
Cross-modal Alignment Dominant text-image relation 6

Final Pragmatic Classification Dominant pragmatic mechanism 8

Table 6: Diagnostic and final-task label spaces used in MemeScope evaluation. Ground. F1 and Align. F1 in
Table 3 are diagnostic Macro-F1 scores over the first two label spaces. The final pragmatic mechanism label space
is evaluated by Acc. and Macro-F1 in Table 3.

Final Pragmatic Mechanism. The final prag-
matic mechanism target is the eight-way label used
for MemeScope’s main classification task: Irony,
Exaggeration, Juxtaposition, Progressive Reveal,
Wordplay, Objectification, Absurdity, and Cultural
Reference. This target measures whether the model
identifies the dominant non-literal mechanism un-
derlying the meme’s communicative effect.

D Per-class Performance Analysis

To further analyze the difficulty of different prag-
matic mechanisms, we report per-class F1 scores
under the Full input setting in Table 7. The aver-
age of the eight per-class F1 scores corresponds
to the Macro-F1 reported in Table 3. This analy-
sis complements the overall Macro-F1 results by
showing whether model performance is uniformly
distributed across pragmatic mechanisms or con-
centrated on specific categories.

As shown in Table 7, the overall trend is consis-
tent with the main results in Table 3: Qwen3-VL-
8B achieves the strongest performance across most
pragmatic mechanisms, followed by Qwen2.5-VL-
7B and LLaVA-1.5-7B. Among the eight cate-
gories, Progressive Reveal and Absurdity are con-
sistently more challenging, suggesting that current
LVLMs struggle with staged interpretation shifts
and commonsense-violating situations that require
reasoning beyond literal image-text cues. In con-
trast, Cultural Reference and Irony obtain relatively
higher scores, indicating that LVLMs can more ef-
fectively exploit salient textual or contextual priors
when the pragmatic mechanism is explicitly sig-
naled. These results show that the difficulty of
MemeScope is not uniform across categories, but
is especially pronounced for mechanisms requiring
fine-grained temporal, counterfactual, or non-literal
reasoning.

E Additional Token-group Analyses

Figures 8 and 9 present the token-group causal ef-
fect heatmaps for Qwen2.5-VL-7B and Qwen3-VL-
8B, respectively. The patterns are consistent with

Layer

Figure 8: Layer × token-group causal effect heatmap
for Qwen2.5-VL-7B.

Layer

Figure 9: Layer × token-group causal effect heatmap
for Qwen3-VL-8B.

LLaVA-1.5-7B: fused multimodal states and OCR/-
Text tokens exhibit the strongest causal influence
in middle-to-late and late layers, while visual and
prompt tokens contribute moderately or minimally.
These results confirm that meme-level pragmatic
inference primarily depends on late-stage textual
and multimodal integration, with minimal reliance
on early visual or prompt signals.

F Additional Experimental Results

Table 8 summarizes the peak layer and stage-
wise Macro-F1 for visual grounding, cross-modal
alignment, and pragmatic inference across the
three LVLMs. Consistent patterns emerge: vi-
sual grounding is most accessible in early layers,
cross-modal alignment peaks in middle layers, and
pragmatic inference emerges mainly in late layers.
Qwen3-VL-8B shows the strongest representation
quality across all stages, followed by Qwen2.5-VL-
7B and LLaVA-1.5-7B. Pragmatic representations
remain weaker than grounding and alignment, re-
flecting the inherent difficulty of non-literal prag-
matic mechanism prediction.

Table 10 reports the average and peak causal con-
tributions (IE/TE) of different token groups. Across
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Model Irony Exag. Juxta. Prog. Rev. Wordplay Object. Absurd. Cult. Ref.

LLaVA-1.5-7B 48.6% 43.2% 41.5% 24.8% 38.7% 44.1% 31.6% 61.9%
Qwen2.5-VL-7B 55.4% 51.0% 49.2% 32.7% 45.8% 50.4% 39.9% 65.2%
Qwen3-VL-8B 60.7% 56.1% 54.0% 37.9% 50.6% 55.3% 44.7% 67.9%

Table 7: Per-class F1 scores for eight-way pragmatic mechanism classification on MemeScope under the Full input
setting. The average of the eight per-class F1 scores corresponds to the Macro-F1 reported in Table 3.

Model Ground. Align. Prag.

LLaVA-1.5-7B L7 / 0.51 L16 / 0.41 L31 / 0.28
Qwen2.5-VL-7B L8 / 0.55 L17 / 0.45 L27 / 0.31
Qwen3-VL-8B L8 / 0.58 L18 / 0.49 L35 / 0.34

Table 8: Peak layer and stage-wise Macro-F1 for visual
grounding (Ground.), cross-modal alignment (Align.),
and pragmatic inference (Prag.).

models, fused multimodal states and OCR/Text to-
kens consistently mediate the strongest effects, es-
pecially in late layers. Visual and prompt tokens
contribute moderately or minimally. This confirms
that meme-level pragmatic inference relies primar-
ily on late-stage textual and multimodal integration
rather than early visual cues.

Table 9 presents the modality ablation results
measured by Macro-F1. The Full setting achieves
the best performance for all three LVLMs, with
41.8%, 48.7%, and 53.4% Macro-F1 for LLaVA-
1.5-7B, Qwen2.5-VL-7B, and Qwen3-VL-8B, re-
spectively. OCR/Text-only input consistently out-
performs Image-only input across models, suggest-
ing that textual cues provide stronger pragmatic sig-
nals than visual cues alone. The Image + CF Text
setting remains substantially below the Full setting,
indicating that neutralizing the original pragmatic
trigger weakens multimodal pragmatic inference.
Compared with Image-only input, Image + CF Text
yields similar or slightly lower performance for
LLaVA-1.5-7B and Qwen2.5-VL-7B, but slightly
higher performance for Qwen3-VL-8B, suggesting
that counterfactual text may still provide limited
scene-level or structural cues. Shuffled image-text
pairs also perform below the Full setting but remain
above Image-only input for all three models, indi-
cating that LVLMs partially exploit textual priors
even when image-text alignment is disrupted.

G Additional Qualitative Cases

We provide additional qualitative cases to exam-
ine whether the pragmatic drift pattern observed
in Figure 1 also appears across different LVLMs.

Each case reports the ground-truth pragmatic mech-
anism, the model’s dominant prediction, and the
layer-wise shift of probability mass among candi-
date mechanisms. Rather than treating errors as
simple recognition failures, we focus on whether
the model first captures surface visual or textual
cues but later moves toward a plausible yet incor-
rect pragmatic interpretation.

G.1 LLaVA-1.5-7B Cases

Figures 10–12 show three qualitative cases from
LLaVA-1.5-7B. Consistent with the catterfly ex-
ample in the main text, the model does not simply
fail to recognize the visual scene or meme text. In-
stead, it often captures salient surface cues, but its
deeper-layer predictions drift toward plausible yet
incorrect pragmatic mechanisms.

Figure 10 illustrates a Wordplay failure. The
meme relies on the ambiguity of “hot dog”: the
phrase can refer to both an actual dog exposed to
heat and the food item shown in the search result.
LLaVA-1.5-7B initially assigns relatively diffuse
probabilities across mechanisms, but the Wordplay
signal remains weak throughout the layer stack. In
later layers, probability mass moves sharply toward
Juxtaposition, which is plausible because the im-
age does contain a contrast between the dog and
the food item. However, this interpretation misses
the core linguistic trigger. The failure, therefore,
reflects pragmatic drift from a pun-based reading
to a broader contrast-based explanation.

Figure 11 shows a Juxtaposition case. The hu-
mor comes from placing the commercial phrase
“wipe and wax” in the context of toilet paper, creat-
ing an incongruous cross-modal contrast between
product language and bathroom imagery. The
model appears to recognize the relevant text and
object, but its prediction does not preserve the in-
tended contrast relation. Instead, later layers assign
high probability to Exaggeration, with additional
instability around Progressive Reveal. This sug-
gests that the model treats the meme as an inten-
sified or exaggerated claim rather than as a clash

21940



Model Full OCR/Text Image Image + CF Text Shuffled Pair

LLaVA-1.5-7B 41.8% 34.2% 29.6% 29.6% 31.8%
Qwen2.5-VL-7B 48.7% 39.7% 35.1% 34.7% 36.9%
Qwen3-VL-8B 53.4% 44.1% 38.9% 39.3% 41.1%

Table 9: Modality ablation results on MemeScope measured by Macro-F1. The Full, OCR/Text, and Image settings
are consistent with the Macro-F1 scores reported in Table 3. Image + CF Text denotes replacing the original meme
text with counterfactual text that neutralizes the core pragmatic trigger. Shuffled Pair denotes randomly pairing
meme images and texts from different samples.
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Prompt Template：
Which of the following 8 
pragmatic mechanisms best 
describes the core mechanism of 
this meme?

Figure 10: LLaVA-1.5-7B example on a Wordplay meme. The meme relies on the double meaning of “hot dog”,
contrasting the literal dog image with the food-related search result. Although Wordplay is the ground-truth
mechanism, the model’s later layers shift strongly toward Juxtaposition, treating the meme mainly as a visual-textual
contrast rather than a linguistic pun.

Token Group Avg. IE/TE Peak Bin Peak IE/TE

Visual 0.12 llate 0.22
OCR/Text 0.22 llate 0.42
Prompt 0.10 llate 0.21
Fused 0.26 llate 0.48

Table 10: Causal contribution of each token group to
pragmatic inference measured by normalized IE/TE.
Late-stage OCR/Text and fused states mediate the
strongest effects.

between two semantic frames. The error is there-
fore not a simple grounding failure, but a failure
to maintain the correct pragmatic relation between
the visual object and the overlaid text.

Figure 12 presents a Progressive Reveal example.
The meme builds a staged interpretation through
the sequence “git commit”, “git push”, and “git
add”, with the final panel humorously violating the
expected order of Git operations. LLaVA-1.5-7B
shows some sensitivity to the correct mechanism in
middle layers, where the Progressive Reveal prob-
ability rises. However, this signal is not stable.
In the later layers, the model increasingly favors
Juxtaposition, likely because the three panels cre-
ate a strong visual contrast across airplane states.
This again matches the pragmatic drift pattern: the
model recognizes salient visual progression but

collapses the staged reversal into a more generic
contrast-based mechanism.

Overall, these LLaVA-1.5-7B cases show that
pragmatic drift occurs across mechanisms. The
model often grounds visible entities and reads the
text correctly, but this partial understanding is not
preserved in later layers. Instead, later representa-
tions overemphasize a salient alternative, such as
Juxtaposition or Exaggeration, and suppress the in-
tended label. This supports our finding that meme-
level pragmatic inference is not only about visual
recognition or OCR accuracy. It also requires main-
taining the relation between image, text, and back-
ground knowledge that defines the intended non-
literal mechanism.

G.2 Qwen2.5-VL-7B Cases
Figures 13–15 show additional qualitative cases
from Qwen2.5-VL-7B. Compared with LLaVA-
1.5-7B, Qwen2.5-VL-7B often assigns higher con-
fidence to a single late-layer mechanism, but this
confidence does not always correspond to the cor-
rect pragmatic interpretation. These cases suggest
that stronger late-layer certainty can still amplify
an incorrect reading when the model overweights a
salient cultural, absurd, or contrastive cue.

Figure 13 shows an Objectification failure. The
meme uses the phrase “Republican Voting Booth”
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Figure 11: LLaVA-1.5-7B example on a Juxtaposition meme. The ground-truth mechanism is the contrast between
the advertised phrase “wipe and wax” and the literal toilet-paper holder. The model instead assigns high late-layer
probability to Exaggeration, indicating a drift from cross-modal contrast to an overstatement-like interpretation.
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Figure 12: LLaVA-1.5-7B example on a Progressive Reveal meme. The meme maps “git commit”, “git push”, and
“git add” onto increasingly absurd airplane scenes, where the final panel reverses the expected command order. The
model partially activates the correct mechanism in middle layers, but later drifts toward Juxtaposition.

to map an abstract political group and voting be-
havior onto a concrete visual setup. The intended
mechanism is therefore not simply that the im-
age is strange or politically loaded, but that the
visual objects stand in for a social-political con-
cept. Qwen2.5-VL-7B partially captures the po-
litical context, as reflected by the late increase of
Cultural Reference. However, the correct Objectifi-
cation signal remains weak, and the model assigns
substantial probability to Absurdity and Cultural
Reference in later layers. This indicates a drift
from symbolic mapping to a more generic reading
of political context and visual strangeness.

Figure 14 presents an Absurdity case. The meme
becomes humorous because it places the invented
or context-dependent term “covfefe” alongside sub-
stances such as cocaine, marijuana, and beer, pro-
ducing an irrational comparison that violates ordi-
nary semantic expectations. Qwen2.5-VL-7B rec-
ognizes this absurd relation more clearly than in the
previous case: the Absurdity curve rises strongly in
the later layers and becomes dominant for several
steps. Nevertheless, the model remains unstable
near the end, where competing mechanisms such

as Juxtaposition also receive high probability. This
case is less a complete failure of recognizing absur-
dity than a failure to preserve a stable final decision
under competing surface patterns.

Figure 15 illustrates a Juxtaposition failure. The
meme contrasts a broad social label, “Society”,
with a specific behavioral description about carry-
ing trash until finding a trash can. The intended
effect comes from placing a mundane moral behav-
ior against a broad social frame. Qwen2.5-VL-7B
maintains some probability for Juxtaposition in ear-
lier and middle layers, suggesting that it detects
the contrastive setup. However, in later layers the
model increasingly favors Absurdity and then Cul-
tural Reference, likely because the word “Society”
encourages a broader social or cultural reading.
The final interpretation, therefore, drifts away from
the local contrast that defines the meme.

Overall, these Qwen2.5-VL-7B cases show that
pragmatic drift is not merely a weakness of older
LVLMs. Even when the model captures important
cues, its late-layer representations can over-commit
to a salient but incorrect mechanism. This supports
the paper’s claim that meme understanding failures
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Figure 13: Qwen2.5-VL-7B example on an Objectification meme. The meme labels a voting booth as “Republican
Voting Booth” and visually maps political participation onto a concrete object. Although Objectification is the
ground-truth mechanism, the model’s late layers drift toward Absurdity and Cultural Reference, treating the meme
mainly as a surreal or politically contextualized image rather than a symbolic mapping.
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Figure 14: Qwen2.5-VL-7B example on an Absurdity meme. The meme lists substances such as “cocaine”,
“marijuana”, “beer”, and “covfefe” over eye images, creating an illogical and surreal comparison. The model
activates the correct Absurdity mechanism strongly in later layers, but the final prediction remains unstable and is
affected by competing mechanisms such as Juxtaposition.

often arise after partial grounding, when the model
must select the intended non-literal relation among
plausible alternatives.

G.3 Qwen3-VL-8B Cases
Figures 16–18 show qualitative cases from Qwen3-
VL-8B. Although this model generally produces
stronger layer-wise signals than LLaVA-1.5-7B and
Qwen2.5-VL-7B, the examples show that stronger
confidence does not necessarily imply more stable
pragmatic inference. In several cases, the model
captures salient textual or visual cues, but deeper
layers amplify an incorrect mechanism and sup-
press the ground-truth label.

Figure 16 illustrates an Absurdity failure. The
meme relies on a self-contradictory emotional
state: the speaker is afraid of both living and dy-
ing, which creates an impossible and irrational
situation. Qwen3-VL-8B initially assigns non-
negligible probability to several mechanisms, in-
cluding Absurdity, but the correct signal remains
weak and is eventually suppressed. In later lay-
ers, the model shifts strongly toward Juxtaposition,
likely because it treats the two opposing statements

as a contrastive pair. This is a plausible surface
reading, but it misses the core absurdity of the self-
defeating situation. The case, therefore, reflects a
drift from logical impossibility to generic contrast.

Figure 17 shows an Irony case. The humor de-
pends on the well-known mismatch between the
names “Greenland” and “Iceland” and their ex-
pected visual meanings. The meme uses this re-
versal to create an ironic setup, strengthened by
the “invading army” label. Qwen3-VL-8B cap-
tures some of the relevant background contrast in
the middle layers, where Irony receives noticeable
probability. However, the model later assigns al-
most all probability to Absurdity. This suggests
that it recognizes the scene as strange, but fails to
preserve the ironic relation between naming expec-
tations and visual reality. The error matches the
pragmatic drift pattern: a culturally grounded irony
is reduced to a more generic absurd scenario.

Figure 18 presents a Progressive Reveal failure.
The meme unfolds through a sequence: the teacher
assigns work, promises class time, does not provide
enough time, and then asks why no one finished.
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Figure 15: Qwen2.5-VL-7B example on a Juxtaposition meme. The meme contrasts “Society” with people who
keep trash in their pockets until they find a trash can. The model recognizes some contrastive structure, but late-layer
probability shifts strongly toward Cultural Reference and Absurdity, leading to an incorrect result.
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Figure 16: Qwen3-VL-8B example on an Absurdity meme. The meme presents an existentially contradictory
statement, “I’m too scared to live” and “I’m too scared to die”, over a light switch, creating an illogical and
self-defeating situation. Although Absurdity is the ground-truth mechanism, the model’s late layers drift toward
Juxtaposition and Irony.

The intended mechanism is Progressive Reveal be-
cause each step revises the interpretation of the
previous one and exposes the contradiction in the
teacher’s behavior. Qwen3-VL-8B assigns some
probability to the correct label in the middle layers,
showing partial sensitivity to the staged structure.
However, this signal is not sustained. In deeper
layers, the model strongly favors Exaggeration and
later Juxtaposition, likely because the clown trans-
formation and teacher-student contrast are visually
salient. Thus, the model captures the surface pro-
gression but loses the specific reveal-based relation
that defines the meme.

Overall, these Qwen3-VL-8B examples show
that pragmatic drift persists in a stronger LVLM.
The model often detects meaningful cues, such
as contradiction, cultural reversal, or staged narra-
tive structure, but its late-layer representations can
still over-select a salient neighboring mechanism.
This supports the paper’s conclusion: meme under-
standing failures often arise not from missing all
evidence, but from failing to maintain the intended
pragmatic relation through deeper inference.

These examples show that pragmatic drift is not
limited to one model or mechanism: LVLMs can
partially ground meme content yet fail to preserve
the intended non-literal relation. This provides
qualitative evidence for Sections 6.2 and 6.3, where
pragmatic information emerges late and is medi-
ated mainly by higher-layer fused and textual rep-
resentations.
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Figure 17: Qwen3-VL-8B example on an Irony meme. The meme contrasts the names “Greenland” and “Iceland”
with their opposite visual associations, then adds an “invading army” label. The ground-truth mechanism is Irony,
but the model’s late layers shift toward Absurdity, treating the meme as an implausible scenario rather than an ironic
reversal.
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Figure 18: Qwen3-VL-8B example on a Progressive Reveal meme. The meme gradually reveals the contradiction
between the teacher’s promise of in-class work time and the later complaint that no one finished. The model detects
parts of the staged setup, but late-layer predictions drift toward Exaggeration and Juxtaposition.
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