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Abstract

Internet memes have become important carriers
of online expression, and pun memes, as a typi-
cal multimodal category, pose significant chal-
lenges to machine understanding due to their
reliance on textual ambiguity and cross-modal
interaction with visual content. Existing mul-
timodal models for pun meme understanding
suffer from classification bias, weak sentiment
perception, and performance gaps compared to
human comprehension, mainly due to neglect-
ing fine-grained correlation cues for semantic
reasoning. To address this, we propose a fusion
framework enhanced by multi-source auxiliary
cues, including visual salient perception, tex-
tual deep semantics, and abnormal pun linguis-
tic features, which are embedded into the mul-
timodal reasoning pipeline. Experiments show
that our framework stably optimizes vision-
language models, improving accuracy in pun
meme detection and implicit sentiment fine-
grained analysis.

1 Introduction

Internet memes have evolved into core mainstream
carriers of online interactive expression, integrat-
ing visual content and textual captions to im-
plicitly deliver situational humor, personal atti-
tudes, emotional tendencies and targeted social
opinions (Bauckhage, 2011; Laineste and Voolaid,
2016; Denisova, 2019).

As a typical high-correlation category of mul-
timodal memes, pun memes (Šimon, 2019; Xu
et al., 2025) occupy a pivotal core position in rele-
vant research tasks, and they pose prominent chal-
lenges to multimodal understanding models. The
core semantic connotation of pun memes is mostly
constructed through textual ambiguity and cross-
modal interaction with visual content, which cre-
ates inherent barriers to accurate machine recog-
nition (Chung et al., 2024). Furthermore, meme
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您可算了吧
You should really just drop it.

You really are garlic.
您可蒜了吧

suàn

suàn

Entities : 

Event : 
a garlic with a sweat 
drop, waving its hand

meme type : pun
sentiment target : other
sentiment type : negative

garlic hand sweat
drop

Figure 1: An example of visual semantic cues for pun
meme understanding.

textual captions usually serve as the linguistic trig-
ger of the pun interpretation, while the matched vi-
sual scene provides contextual support for ground-
ing and calibrating the intended meaning (Vásquez
and Aslan, 2021; Kiela et al., 2020). As shown
in Fig. 1, the caption “您可蒜了吧” replaces “算”
in the expression “您可算了吧” with the homo-
phonic character “蒜”, both pronounced suàn. The
substituted caption literally means “you really are
garlic”, which is directly grounded in the anthropo-
morphic garlic shown in the image. In contrast, the
intended expression “您可算了吧” means “you
should really just drop it”, conveying a dismissive
and mildly sarcastic attitude. The sweat drop and
hand-waving gesture further provide an event-level
cue for this negative emotional undertone. This
example further demonstrates that understanding
pun memes requires grounding textual ambiguity
in visual semantic cues.

Prior research on pun meme understanding has
made preliminary progress in constructing mul-
timodal benchmark settings and baseline parsing
frameworks. However, existing multimodal models
still suffer from classification bias, weak percep-
tion of implicit sentiment behind pun expressions,
and a considerable gap from human cross-modal
comprehension (Xu et al., 2025). The essential
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limitation of current research lies in the neglect
of multiple key fine-grained correlation cues re-
quired for pun meme semantic reasoning (Wang
et al., 2024; Zheng et al., 2025). On the visual side,
meme images contain salient entities, behavioral
states, and affective visual signals that guide the in-
terpretation of ambiguous captions. On the textual
side, pun-driven captions involve layered semantic
structures and subtle affective implications, which
are difficult to align with visual context through
conventional multimodal fusion strategies.

To remedy the above research defects and fill the
technical gap, this paper proposes a multi-source
auxiliary cue enhanced framework for targeted
pun meme understanding. Different from con-
ventional end-to-end brute-force reasoning modes
based on original image-text pairs, the proposed
framework explicitly introduces structured auxil-
iary cues closely related to pun construction, and
embeds them into the multimodal reasoning pro-
cess as complementary evidence. This design
enables the model to perform more targeted, in-
terpretable, and accurate reasoning over complex
cross-modal ambiguous semantics in pun memes.

Comparative experimental validations on the au-
thoritative PUNMEMECN benchmark dataset (Xu
et al., 2025) verify that the structured multi-source
auxiliary cue embedding strategy can steadily
optimize the overall learning performance of
mainstream vision-language models (VLMs), and
achieve consistent accuracy improvement in two
core downstream tasks, including pun meme intel-
ligent detection and implicit sentiment fine-grained
analysis.

2 Related Works

2.1 Pun Understanding

Pun understanding aims to identify and interpret ex-
pressions that exploit lexical ambiguity, polysemy,
or phonological similarity to convey multiple mean-
ings. Early computational studies were primarily
text-based, relying on lexical-semantic modeling,
word-sense disambiguation, or sequence modeling
to analyze pun ambiguity (Miller and Gurevych,
2015; Miller and Turković, 2016; Kao et al., 2016;
Zou and Lu, 2019). Subsequent neural and large
language model based research further extended
this line of work to pun detection, interpretation,
explanation, and generation (Yu et al., 2018; Sun
et al., 2022; Tian et al., 2022; Xu et al., 2024; Zan-
gari et al., 2025).

More recently, multimodal studies have begun to
investigate the role of visual information in pun in-
terpretation. Existing research has explored visual
grounding for textual pun disambiguation, multi-
modal pun reconstruction, and textual–visual pun
translation (Chung et al., 2024; Ma et al., 2025;
Zhang et al., 2025). These studies establish that vi-
sual context can help distinguish competing mean-
ings of ambiguous expressions. Nevertheless, their
primary concern lies in resolving or transforming
textual puns with visual assistance, rather than ex-
amining how fine-grained visual semantics sup-
port the interpretation of naturally occurring pun
memes.

2.2 Meme Detection and Analysis

Internet memes combine visual content and textual
captions to convey humor, attitudes, emotions, and
social opinions (Denisova, 2019; Hakoköngäs et al.,
2020). Accordingly, multimodal meme analysis
has been explored in tasks such as hateful meme
detection, offensive content identification, senti-
ment analysis, humor recognition, metaphor un-
derstanding, and fine-grained semantic interpreta-
tion (Suryawanshi et al., 2020; Sharma et al., 2020;
Hossain et al., 2022; Hee et al., 2023; Wang et al.,
2024). However, although existing multimodal
methods have advanced general meme analysis,
they are not specifically designed for pun memes,
where ambiguous captions usually function as lin-
guistic triggers and specific visual cues provide es-
sential support for interpretation (Xu et al., 2025).
As a result, holistic image–text modeling may fail
to capture the fine-grained correspondence between
pun expressions and key visual cues.

Motivated by this distinction, our work shifts
the focus from general multimodal fusion to the
semantic correspondence between pun-triggering
captions and their relevant visual content. Specif-
ically, we examine how visual objects and event-
level states relate pun expressions to their intended
meanings and affective implications. This perspec-
tive extends prior benchmark-oriented and end-to-
end multimodal studies by moving from whether
visual context is useful to which visual semantics
support pun interpretation and sentiment judgment.

3 Task Formulation

As illustrated in Fig. 3, given a meme image
I and its caption C, we formulate pun meme
understanding as a joint task with input x =
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Figure 2: Overview of the proposed model.

𝒚𝒚𝒑𝒑𝒑𝒑𝒑𝒑 : pun
𝒚𝒚𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 : other
𝒚𝒚𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 : negative

Caption C :

meaning 1 meaning 2

算了 (Just drop it)蒜（Garlic）

Multiple meanings 𝑦𝑦 = 𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝,𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ,𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑥𝑥 = 𝐼𝐼,𝐶𝐶
Input: Output:

Meme image I :

您可蒜了吧

Figure 3: Task formulation of pun meme understanding.

(I, C) and output y = (ypun, ytarget, ytype). Here,
ypun ∈ {pun, non-pun} denotes pun meme detec-
tion. For pun memes, ytarget ∈ {self, other, both}
and ytype ∈ {positive, neutral, negative} denote
the sentiment target and type, respectively.

A meme is regarded as a pun meme when its
caption evokes multiple meanings through ho-
mophony or polysemy, with at least one interpre-
tation grounded in the accompanying image; oth-
erwise, it is categorized as a non-pun meme. For
instance, the example in Fig. 3, “您可蒜了吧”,
uses the homophony between “蒜” and “算” (suàn),
where the depicted garlic grounds the literal read-
ing and the intended expression conveys a negative
attitude toward an external target.

Figure 4 provides additional examples to make
this interaction more intuitive. In “放青松/放轻松”
(fàng qīngsōng), a hand putting down a pine tree
grounds the literal reading of “青松” (pine tree),
while its homophone “轻松” conveys the intended
meaning of relax. Likewise, in “举豹了/举报了”
(jǔ bào le), a person holding up a leopard supports
the literal reading, while the homophonic expres-
sion means reporting someone. “真菜” (zhēn cài)
illustrates polysemy: a magnifying glass examining

Meme 

放青松 / 放轻松 真菜 / 真菜
Pun Link put down a pine 

tree  / relax

举豹了 / 举报了

hold up a leopard /
report someone

a real vegetable /
really unskilled

Visual Cues
person lifting 

a leopard

a magnifying 
glass examining a 
Chinese cabbage

a hand putting 
down a pine tree

Figure 4: Illustrative examples of pun memes with vi-
sual cues.

a Chinese cabbage reinforces its literal reading as
really a vegetable, whereas its colloquial meaning
conveys a negative evaluation of being unskilled.
These examples highlight that visual content is not
merely decorative, but provides key evidence for
linking a literal reading to the intended pun mean-
ing.

Although these examples are intuitive to human
readers, interpreting such visually grounded ambi-
guity remains challenging for multimodal models.
First, the model must distinguish deliberate word-
play from ordinary expressions. Second, it must
identify the visual elements relevant to the ambigu-
ous caption. Third, sentiment prediction depends
on the resolved pun meaning and its associated
visual states. Therefore, pun meme understand-
ing requires jointly modeling caption ambiguity,
task-relevant visual semantics, and affective impli-
cations.
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4 Method

As shown in Fig. 2, we propose a visual semantic
cue enhancement framework for pun meme un-
derstanding. Rather than relying solely on global
image–caption interaction, our framework identi-
fies visual evidence that grounds caption-induced
ambiguity, thereby enabling visual-cue-guided rea-
soning. Specifically, given an image I and its cap-
tion C, our framework constructs structured visual
evidence from two complementary perspectives:
candidate entities provide possible visual referents
of the pun, while an event-level cue captures the
contextual semantics surrounding them. It then se-
lects a key visual entity by considering both its
visual grounding in the image and its semantic
centrality to the depicted event. Finally, the se-
lected entity and event-level cue are introduced
into vision-language reasoning to focus the model
on pun-relevant visual semantics and support joint
pun detection and sentiment analysis.

4.1 Visual Semantic Cue Extraction
Pun meme understanding requires visual evidence
that supports the interpretation of ambiguous cap-
tions. To explicitly represent such evidence, we
extract two types of visual semantic cues from
the meme image: entity-level cues and event-level
cues. Entity-level cues describe visible objects,
characters, or other semantically meaningful ele-
ments, while event-level cues capture the primary
action, state, or contextual relation involving these
elements. These structured cues are subsequently
used for key entity selection and cue-conditioned
reasoning.

Entity-level Cue Extraction. Given a meme im-
age I , we use a vision-language model as the visual
cue extractor to obtain a candidate entity set:

E = fVLM(I, Pent) = {e1, e2, . . . , em}, (1)

where E denotes the candidate entity set, and Pent

denotes the prompt. Instead of directly outputting
a single entity, we retain multiple candidates at this
stage, which increases the chance of covering the
truly relevant entity and reduces the risk of early
selection errors.

Event-level Cue Extraction. In parallel, we per-
form event visual cue extraction to obtain a com-
pact description of the main visual event:

sv = fVLM(I, Pevt) , (2)

sweat drop

Meme image I 

Candidate entities E

garlic hand

a garlic with a sweat drop, 
waving its hand.

Event 𝒔𝒔𝒗𝒗

Visual 
Grounding

CLIP 
Encoder

CLIP 
Encoder

ℎ𝐼𝐼 ℎ𝑒𝑒𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Cosine

𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣
Event 

Centrality

BGE 
Encoder

BGE 
Encoder

ℎ𝑠𝑠𝑣𝑣
Cosine

𝑆𝑆evt

ℎ𝑒𝑒𝑖𝑖
𝑏𝑏𝑏𝑏𝑏𝑏

Visual Grounding
ranks (𝑟𝑟𝑣𝑣𝑣𝑣𝑣𝑣)

Event Centrality
ranks (𝑟𝑟evt)

1

2

3

garlic
hand

sweat drop

Key entity 𝑒𝑒⋆= garlic

I 𝑒𝑒𝑖𝑖 𝑒𝑒𝑖𝑖𝑠𝑠𝑣𝑣

Figure 5: Overview of key visual entity selection.

where sv describes the main action, object state,
or scene-level relation in the meme image. While
entity-level cues answer what visual elements are
present, the event-level cue captures how these ele-
ments appear or interact in the visual context.

To ensure that the extracted cues reflect image-
side evidence, the visual cue extraction process
focuses on visible content and avoids transcribing
overlaid captions, subtitles, watermarks, or other
textual elements.

4.2 Key Visual Entity Selection
After visual semantic cue extraction, the candidate
entity set E may contain peripheral entities, generic
descriptions, or entities that are weakly related to
pun interpretation. Therefore, as shown in Fig. 5,
we further select a key visual entity from E. Instead
of relying on the generation order of the vision-
language model, we rank candidate entities from
two complementary perspectives: visual grounding
and event centrality.

Visual Grounding. Visual grounding measures
how strongly each candidate entity is supported by
the meme image. For each entity ei ∈ E, we use
CLIP (Yang et al., 2022) to compute the similarity
between the image I and the textual representation
of ei. Specifically, the image and the entity text are
encoded into a shared embedding space:

hclip
I = f clip

I (I),hclip
ei = f clip

T (ei), (3)

where fI(·) and fT (·) denote the image encoder
and text encoder of CLIP, respectively. The visual
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Model Method Pun Meme Detection Pun Meme Sentiment Analysis

TPR TNR F1 Acctarget Acctype Accoverall

Closed-source

GPT-5.5 w/o Visual Cues 0.9928 0.6835 0.7562 0.6450 0.7592 0.4983
+ Visual Cues 0.9856 0.7122 0.7697 0.6608 0.7742 0.5217

Gemini-3.1-Pro-Preview w/o Visual Cues 0.9784 0.6079 0.7083 0.6692 0.8125 0.5542
+ Visual Cues 0.9712 0.6511 0.7278 0.6867 0.8233 0.5758

Open-source

LLaVA-1.5 w/o Visual Cues 0.7194 0.9568 0.7968 0.5108 0.4675 0.2708
Ours 0.7842 0.9676 0.8482 0.5033 0.5517 0.3125

MiniCPM-V 2.6 w/o Visual Cues 0.8345 0.9245 0.8406 0.5867 0.5917 0.3308
Ours 0.8561 0.9317 0.8592 0.6233 0.5867 0.3733

Qwen3-VL w/o Visual Cues 0.8273 0.9460 0.8550 0.4892 0.6825 0.3767
Ours 0.8561 0.9496 0.8750 0.5408 0.7142 0.4208

InternVL3 w/o Visual Cues 0.8058 0.9209 0.8205 0.5575 0.6450 0.3708
Ours 0.8417 0.9101 0.8327 0.5692 0.6708 0.4100

GLM-4.1V w/o Visual Cues 0.8777 0.9317 0.8714 0.5383 0.5367 0.3408
Ours 0.8777 0.9460 0.8841 0.5400 0.5800 0.3567

Table 1: Main results on pun meme detection and sentiment analysis.

grounding score is defined as:

Svis(ei) = cos
(
hclip
I ,hclip

ei

)
, (4)

A higher Svis(ei) means that the candidate entity is
more strongly grounded in the visual content of the
meme image. This score helps distinguish visually
supported entities from entities that are peripheral
or weakly grounded in the image.

Event Centrality. Visual grounding alone can-
not determine whether a candidate entity is cen-
tral to the visual semantics of the meme. Some
entities may be clearly visible but only serve as
background or peripheral elements. Therefore, we
further measure the semantic association between
each candidate entity and the event-level cue sv.

Given sv and a candidate entity ei ∈ E, we use
BGE (Xiao et al., 2023) to encode them into the
same semantic embedding space:

hbge
sv = gbge(sv),h

bge
ei = gbge(ei), (5)

where g(·) denotes the BGE encoder. The event
centrality score is computed as:

Sevt(ei) = cos
(
hbge
sv ,hbge

ei

)
, (6)

A higher Sevt(ei) indicates that the entity is more
closely related to the action, state, or scene rela-
tion described by the event-level cue. This score
complements visual grounding by identifying enti-
ties that are not only visible but also semantically
central to the image-derived event.

Rank-based Entity Selection. Visual grounding
and event centrality characterize candidate enti-
ties from image-level visibility and event-level rel-
evance, respectively. To obtain an entity that is
consistently supported by both perspectives, we
employ a rank-based aggregation strategy inspired
by Borda Count.

For each scoring perspective c ∈ {vis, evt}, all
candidate entities are ranked in descending order
according to their scores. Let rc(ei) ∈ {1, . . . ,m}
denote the rank of entity ei under c, where a smaller
value indicates a higher rank. The rank-based score
of each candidate entity is computed as:

B(ei) =
∑

c∈{vis, evt}
(m− rc(ei)) , (7)

The final key entity is selected as:

e∗ = argmax
ei∈E

B(ei), (8)

In this way, the selected key entity is expected to
be both visually grounded in the image and seman-
tically central to the extracted event-level cue.

4.3 Cue-conditioned Joint Prediction
Given the meme image I , caption C, selected key
entity e∗, and event-level cue sv, we construct a
cue-conditioned input X and generate the struc-
tured joint prediction Y :

X = [I; C; e∗; sv; Pjoint] ,

Y = (ypun, ytarget, ytype) .
(9)
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Hyperparameter Value

Seed 42
LoRA rank 8
Epochs 3
Batch size 1
Gradient accumulation 8
Learning rate 1e-4
LR scheduler Cosine
Optimizer AdamW

Table 2: Main hyperparameter settings.

where Pjoint specifies the joint prediction instruc-
tion and structured output format. The sentiment
fields are set to null for non-pun memes.

We perform LoRA-based supervised fine-tuning
by minimizing the token-level negative log-
likelihood of the structured output:

L = −
|Y |∑

t=1

logP (yt | y<t, X) , (10)

Thus, pun detection and sentiment analysis are
jointly modeled under the same visually cue-
conditioned context. Prompt templates are pro-
vided in Appendix A.

5 Experiments

Implementation Details We implement the
open-source experiments using LoRA-based super-
vised fine-tuning. For each open-source VLM, we
follow the same training protocol and use the hy-
perparameter settings reported in Table 2. We use
Qwen3-VL-8B-Instruct as a separate frozen visual
cue extractor for all cue-enhanced settings. The
extractor is not fine-tuned on PUNMEMECN and
is shared across all evaluated models. The open-
source VLM backbones are fine-tuned separately
for final prediction. All open-source fine-tuning
experiments are conducted on a single NVIDIA
RTX 3090 GPU. During training, we use BF16
precision to reduce memory consumption and keep
the batch size fixed across different backbones for
fair comparison.

Dataset We conduct experiments on PUN-
MEMECN (Xu et al., 2025), which contains 1,959
meme images, including 653 pun memes and 1,306
non-pun memes. Each pun meme is paired with
two non-pun distractors, i.e., one image-similar
sample and one caption-similar sample. The
dataset provides captions and annotations for pun

meme detection and sentiment analysis, where sen-
timent labels consist of target and type. We use
an approximately 70/10/20 group-level split for
training, validation, and testing, ensuring that each
pun meme and its distractors are assigned to the
same subset to avoid information leakage. For
sentiment evaluation, following the sampling strat-
egy adopted in PUNMEMECN, we apply target-
balanced upsampling only to the gold pun memes
in the test set, sampling each sentiment-target cat-
egory to 400 instances with a fixed random seed.
We evaluate the models on two subtasks. For pun
meme detection, we report TPR, TNR, and F1-
score (F1). For pun meme sentiment analysis, we
report Acctarget, Acctype, and Accoverall, which mea-
sure target prediction, sentiment type prediction,
and exact matching of both dimensions, respec-
tively.

Baselines We compare our framework with
both closed-source and open-source VLMs. For
closed-source models, we evaluate GPT-5.5 (Ope-
nAI, 2026) and Gemini-3.1-Pro-Preview (Google
DeepMind, 2026) under zero-shot settings, com-
paring their performance with and without the pro-
posed visual cues. For open-source models, we
evaluate several representative VLM backbones,
including LLaVA-1.5-7B-HF (Liu et al., 2024),
MiniCPM-V 2.6 (Yao et al., 2024), Qwen3-VL-
8B-Instruct (Qwen, 2025), InternVL3-8B (Zhu
et al., 2025), and GLM-4.1V-9B-Thinking1. For
each open-source backbone, we compare two vari-
ants under the same fine-tuning setting: w/o Visual
Cues, which uses only the meme image and cap-
tion, and Ours, which additionally incorporates
the selected key visual entity and event-level cue.
These comparisons evaluate whether the proposed
structured visual cues provide consistent improve-
ments across different VLM backbones and model
settings.

5.1 Main Results

Table 1 reports the main results on pun meme de-
tection and sentiment analysis across both open-
source and closed-source VLMs. For the open-
source backbones, Ours consistently improves F1
over the corresponding w/o Visual Cues setting.
Similar improvements are observed for the closed-
source VLMs under zero-shot evaluation, indicat-
ing that the proposed visual semantic cues provide

1https://huggingface.co/zai-org/GLM-4.
1V-9B-Thinking
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Method Pun Sentiment

Ours 0.8750 0.4208
- Event-level Cue 0.8571 0.3825
- Key Entity 0.8657 0.3950

w/o Visual Cues 0.8550 0.3767

Table 3: Ablation results. The Pun and Sentiment
columns report F1 for pun meme detection and overall
accuracy for pun meme sentiment analysis, respectively.

complementary information across different model
settings.

For the closed-source VLMs, both GPT-5.5
and Gemini-3.1-Pro-Preview exhibit high TPR
but relatively lower TNR, consistent with the
pun-prediction bias observed in PUNMEMECN.
Incorporating the structured visual cues mainly
improves non-pun recognition while preserving
strong pun detection performance, leading to higher
F1 scores. For the open-source backbones, the pro-
posed method also yields consistent F1 improve-
ments, demonstrating that the effectiveness of the
visual cues is not restricted to a particular VLM
architecture.

The improvements are particularly evident in
sentiment analysis. Accoverall increases across all
evaluated models, with absolute gains ranging from
1.59 to 4.41 percentage points. This indicates that
the selected key visual entity and event-level cue
provide useful contextual information for jointly
identifying the sentiment target and sentiment type.
Although a few individual metrics show slight
decreases, F1 and Accoverall consistently improve
across all evaluated models. Overall, these results
demonstrate that structured visual semantic cues
provide reliable complementary information for
pun meme understanding, with statistically signifi-
cant improvements in the main overall metrics, as
assessed by paired bootstrap tests (p < 0.05).

5.2 Ablation Study

To examine the contributions of the two visual
semantic cues, we conduct ablation experiments
using Qwen3-VL as the representative backbone.
Starting from the full model, we remove either the
event-level cue (- Event-level Cue) or the selected
key entity (- Key Entity) from the cue-conditioned
prediction input, or remove both cues (w/o Visual
Cues). As shown in Table 3, the full model achieves
the best performance on both pun detection and
sentiment analysis. Removing either cue leads to
performance degradation, demonstrating that the

Method Pun Sentiment

Single Entity + Joint Extraction 0.8399 0.3735
Single Entity + Separate Extraction 0.8460 0.3829
Multiple Entities + Joint Extraction 0.8540 0.4017
Ours 0.8750 0.4208

Table 4: Comparison of visual semantic cue extraction
strategies.

Method Pun Sentiment

Ours 0.8750 0.4208
- Visual Grounding 0.8551 0.4000
- Event Centrality 0.8489 0.4067

Random Selection 0.8470 0.3808

Table 5: Effect of different key entity selection strate-
gies.

key entity and event-level cue provide complemen-
tary information for pun meme understanding. In
particular, removing the event-level cue results in a
larger performance drop, suggesting that contextual
event semantics play an important role in capturing
the visual context associated with pun interpreta-
tion, while the selected key entity provides comple-
mentary grounding for caption-induced ambiguity.
Unless otherwise noted, Qwen3-VL is used as the
default backbone in the following experiments.

5.3 Comparison of Cue Extraction Strategies

To examine the design choices in visual semantic
cue extraction, we compare different entity extrac-
tion and cue extraction strategies. As shown in
Table 4, Single Entity denotes directly extracting
one visual entity, whereas Multiple Entities denotes
extracting multiple entities followed by key entity
selection. Meanwhile, Joint Extraction and Sepa-
rate Extraction indicate whether entity-level and
event-level cues are extracted in a single process or
through two dedicated processes, respectively.

Our Multiple Entities + Separate Extraction
strategy achieves the best performance, with an F1
of 0.8750 and an Accoverall of 0.4208. The results
show that retaining multiple entities before selec-
tion avoids premature entity decisions, while sepa-
rate extraction better preserves the complementary
roles of entity-level and event-level cues. These re-
sults support extracting multiple entities separately
from the event-level cue before key entity selection.

5.4 Effect of Key Entity Selection

To analyze the effect of key entity selection, we
compare different strategies for selecting one entity
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Input

我梳了

这像画吗

目瞪口袋

（A）Joint Correction

Meanings

Literal ：I combed
Intended：I lost

Literal ：Does this look like a painting?
Intended：Does this make any sense?

Literal ：staring wide-eyed at a pocket
Intended：be dumbfounded

袋 (pocket) 呆 (dumbfounded)

梳 (comb) 输 (lose)

画 (painting) 话 (sense)

Prediction ComparisonCase Type

（B）Joint Correction

（C）Sentiment Refinement

Visual Cues ：comb; Rabbit 
and comb combination 

Visual Cues ： picture frame; A dog's 
head is framed in a picture frame.

Visual Cues ： plastic bag; A hand covering 
a plastic bag with a water droplet on it.

Setting
Meme 
type

Sentiment 
target

Sentiment 
type

Gold pun self neutral

w/o Cues non-pun null null

Ours pun self neutral

×
✓

Setting
Meme 
type

Sentiment 
target

Sentiment 
type

Gold pun other neutral

w/o Cues non-pun null null

Ours pun other neutral

×
✓

Setting
Meme 
type

Sentiment 
target

Sentiment 
type

Gold pun self negative

w/o Cues pun other neutral

Ours pun self negative

×
✓

Figure 6: Examples of case study.
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Figure 7: Entity–caption association analysis.

from the candidate entity set E. As shown in Ta-
ble 5, our rank-based aggregation strategy achieves
the best performance on both F1 and Accoverall.
Compared with random selection, our strategy sub-
stantially improves the results, indicating that se-
lecting an arbitrary candidate entity cannot provide
stable visual evidence for pun interpretation. Re-
moving either visual grounding or event centrality
leads to performance degradation. This suggests
that visual grounding and event centrality capture
different aspects of entity relevance: the former
measures whether an entity is visually salient in
the image, while the latter evaluates whether it is
semantically central to the event-level cue. These
results show that combining both perspectives is
beneficial for selecting pun-relevant visual entities.

5.5 Entity–Caption Association Analysis

We further examine whether the selected entities
establish meaningful semantic associations with
the accompanying captions. Specifically, we use
BGE (Xiao et al., 2023) to compute the similarity
between each caption and the selected entity, and
compare it with a randomly sampled entity from
the same candidate set and the average similarity
over all candidates in that set.

As shown in Fig. 7, the selected entities achieve
a higher average caption similarity (0.3735) than
both randomly sampled entities (0.3425) and the
candidate-pool mean (0.3436). The improvements
over both baselines are statistically significant un-
der paired tests (p < 0.001). These results suggest
that the selected visual entities provide more rel-
evant image-side evidence for connecting visual
semantics with the accompanying captions, thereby
supporting subsequent multimodal reasoning for
pun meme understanding.

5.6 Case Study

To qualitatively analyze the effect of visual seman-
tic cues, Fig. 6 presents representative cases with
their literal and intended meanings, together with
predictions under the joint output format of pun de-
tection, sentiment target, and sentiment type. Cases
(A) and (B) show joint correction. In Case (A), the
extracted entity highlights “梳” in “我梳了”, help-
ing the model associate it with the homophonic
reading “我输了” (I lost). In Case (B), the framed
picture makes “画” salient in “这像画吗”, which,
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together with the familiar expression “这像话吗”
(Does this make any sense?), supports correct pun
and sentiment predictions. Case (C) illustrates sen-
timent refinement. Although both variants identify
“目瞪口袋” as a pun, the pocket, sweat drop, and
hand-covering-mouth gesture provide richer affec-
tive evidence, enabling our model to correctly inter-
pret its relation to “目瞪口呆” (be dumbfounded)
and refine the sentiment prediction.

Overall, these cases demonstrate that visual se-
mantic cues facilitate the interpretation of visually
grounded ambiguity and improve both pun detec-
tion and sentiment understanding across represen-
tative examples.

6 Conclusion

In this paper, we address pun meme understanding
as a challenging multimodal reasoning problem,
where implicit humor and sentiment emerge from
the interaction between caption-induced ambigu-
ity and visual semantics. To move beyond holis-
tic image–caption reasoning, we introduce multi-
source visual semantic cues as explicit complemen-
tary evidence and incorporate them into the joint
modeling of pun meme detection and sentiment
analysis. This cue-enhanced formulation enables
more precise modeling of the fine-grained cross-
modal correlations underlying pun interpretation.
Comprehensive experiments demonstrate that the
proposed method consistently improves overall per-
formance across multiple backbone architectures.
Overall, this work highlights the importance of ex-
plicitly modeling fine-grained visual semantic evi-
dence for understanding implicit humor and affect
in multimodal memes, and offers a meaningful per-
spective on reasoning over semantically ambiguous
multimodal content.

Limitations

Pun memes are often shaped by specific cultural
contexts, where the interpretation of a caption
and its connection to visual content may rely on
shared background knowledge, familiar expres-
sions, and culturally recognizable forms of humor.
The present study focuses on the meme context
covered by the evaluated benchmark and investi-
gates how explicit visual semantic cues can support
pun meme understanding within this setting. In
broader cross-cultural scenarios, ambiguous cap-
tions may interact with visual evidence in different
ways, and similar visual elements may convey dif-

ferent humorous or affective implications across
communities. Future research may further explore
pun meme understanding in more diverse cultural
contexts.
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the automatic detection and identification of english
puns. The European Journal of Humour Research,
4(1):59–75.

OpenAI. 2026. Gpt-5.5 system card. https://
openai.com/index/gpt-5-5-system-card/. Ac-
cessed 2026.

Qwen. 2025. Qwen3-vl technical report. CoRR,
abs/2511.21631.

Chhavi Sharma, Deepesh Bhageria, William Scott,
Srinivas PYKL, Amitava Das, Tanmoy Chakraborty,
Viswanath Pulabaigari, and Björn Gambäck. 2020.
Semeval-2020 task 8: Memotion analysis- the
visuo-lingual metaphor! In Proceedings of the
Fourteenth Workshop on Semantic Evaluation, Se-
mEval@COLING 2020, Barcelona (online), Decem-
ber 12-13, 2020, pages 759–773. International Com-
mittee for Computational Linguistics.

Maja Šimon. 2019. Puns in Internet Memes: A Study of
9GAG. Ph.D. thesis.

Jiao Sun, Anjali Narayan-Chen, Shereen Oraby,
Alessandra Cervone, Tagyoung Chung, Jing Huang,
Yang Liu, and Nanyun Peng. 2022. Expunations:
Augmenting puns with keywords and explanations.
In Proceedings of the 2022 Conference on Empirical
Methods in Natural Language Processing, EMNLP
2022, Abu Dhabi, United Arab Emirates, December
7-11, 2022, pages 4590–4605. Association for Com-
putational Linguistics.

Shardul Suryawanshi, Bharathi Raja Chakravarthi, Mi-
hael Arcan, and Paul Buitelaar. 2020. Multimodal
meme dataset (multioff) for identifying offensive con-
tent in image and text. In Proceedings of the Second
Workshop on Trolling, Aggression and Cyberbully-
ing, TRAC@LREC 2020, Marseille, France, May
2020, pages 32–41. European Language Resources
Association (ELRA).

Yufei Tian, Divyanshu Sheth, and Nanyun Peng. 2022.
A unified framework for pun generation with humor
principles. In Findings of the Association for Com-
putational Linguistics: EMNLP 2022, Abu Dhabi,
United Arab Emirates, December 7-11, 2022, Find-
ings of ACL, pages 3253–3261. Association for Com-
putational Linguistics.

Camilla Vásquez and Erhan Aslan. 2021. “cats be out-
side, how about meow”: multimodal humor and cre-
ativity in an internet meme. Journal of Pragmatics,
171:101–117.

Bingbing Wang, Shijue Huang, Bin Liang, Geng Tu,
Min Yang, and Ruifeng Xu. 2024. What do they
"meme"? A metaphor-aware multi-modal multi-
task framework for fine-grained meme understanding.
Knowl. Based Syst., 294:111778.

Shitao Xiao, Zheng Liu, Peitian Zhang, and Niklas
Muennighoff. 2023. C-pack: Packaged resources
to advance general chinese embedding. CoRR,
abs/2309.07597.

Zhijun Xu, Siyu Yuan, Lingjie Chen, and Deqing Yang.
2024. "a good pun is its own reword": Can large
language models understand puns? In Proceedings
of the 2024 Conference on Empirical Methods in Nat-
ural Language Processing, EMNLP 2024, Miami, FL,
USA, November 12-16, 2024, pages 11766–11782.
Association for Computational Linguistics.

Zhijun Xu, Siyu Yuan, Yiqiao Zhang, Jingyu Sun, Tong
Zheng, and Deqing Yang. 2025. Punmemecn: A
benchmark to explore vision-language models’ un-
derstanding of chinese pun memes. In Proceedings
of the 2025 Conference on Empirical Methods in Nat-
ural Language Processing, EMNLP 2025, Suzhou,
China, November 4-9, 2025, pages 18694–18710.
Association for Computational Linguistics.

An Yang, Junshu Pan, Junyang Lin, Rui Men, Yichang
Zhang, Jingren Zhou, and Chang Zhou. 2022. Chi-
nese CLIP: contrastive vision-language pretraining
in chinese. CoRR, abs/2211.01335.

25306

https://proceedings.neurips.cc/paper/2020/hash/1b84c4cee2b8b3d823b30e2d604b1878-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/1b84c4cee2b8b3d823b30e2d604b1878-Abstract.html
https://doi.org/10.1109/CVPR52733.2024.02484
https://doi.org/10.1109/CVPR52733.2024.02484
https://doi.org/10.18653/V1/2025.ACL-SRW.23
https://doi.org/10.18653/V1/2025.ACL-SRW.23
https://doi.org/10.18653/V1/2025.ACL-SRW.23
https://doi.org/10.3115/V1/P15-1070
https://doi.org/10.3115/V1/P15-1070
https://openai.com/index/gpt-5-5-system-card/
https://openai.com/index/gpt-5-5-system-card/
https://doi.org/10.48550/ARXIV.2511.21631
https://doi.org/10.18653/V1/2020.SEMEVAL-1.99
https://doi.org/10.18653/V1/2020.SEMEVAL-1.99
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.304
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.304
https://aclanthology.org/2020.trac-1.6/
https://aclanthology.org/2020.trac-1.6/
https://aclanthology.org/2020.trac-1.6/
https://doi.org/10.18653/V1/2022.FINDINGS-EMNLP.237
https://doi.org/10.18653/V1/2022.FINDINGS-EMNLP.237
https://doi.org/10.1016/J.KNOSYS.2024.111778
https://doi.org/10.1016/J.KNOSYS.2024.111778
https://doi.org/10.1016/J.KNOSYS.2024.111778
https://doi.org/10.48550/ARXIV.2309.07597
https://doi.org/10.48550/ARXIV.2309.07597
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.657
https://doi.org/10.18653/V1/2024.EMNLP-MAIN.657
https://doi.org/10.18653/V1/2025.EMNLP-MAIN.944
https://doi.org/10.18653/V1/2025.EMNLP-MAIN.944
https://doi.org/10.18653/V1/2025.EMNLP-MAIN.944
https://doi.org/10.48550/ARXIV.2211.01335
https://doi.org/10.48550/ARXIV.2211.01335
https://doi.org/10.48550/ARXIV.2211.01335


Yuan Yao, Tianyu Yu, Ao Zhang, Chongyi Wang, Junbo
Cui, Hongji Zhu, Tianchi Cai, Haoyu Li, Weilin Zhao,
Zhihui He, Qianyu Chen, Huarong Zhou, Zhensheng
Zou, Haoye Zhang, Shengding Hu, Zhi Zheng, Jie
Zhou, Jie Cai, Xu Han, and 4 others. 2024. Minicpm-
v: A GPT-4V level MLLM on your phone. CoRR,
abs/2408.01800.

Zhiwei Yu, Jiwei Tan, and Xiaojun Wan. 2018. A neural
approach to pun generation. In Proceedings of the
56th Annual Meeting of the Association for Computa-
tional Linguistics, ACL 2018, Melbourne, Australia,
July 15-20, 2018, Volume 1: Long Papers, pages
1650–1660. Association for Computational Linguis-
tics.

Alessandro Zangari, Matteo Marcuzzo, Andrea Al-
barelli, Mohammad Taher Pilehvar, and José
Camacho-Collados. 2025. Pun unintended: Llms
and the illusion of humor understanding. In Proceed-
ings of the 2025 Conference on Empirical Methods in
Natural Language Processing, EMNLP 2025, Suzhou,
China, November 4-9, 2025, pages 27936–27971. As-
sociation for Computational Linguistics.

Tuo Zhang, Tiantian Feng, Yibin Ni, Mengqin Cao, Ruy-
ing Liu, Kiana Avestimehr, Katharine Butler, Yanjun
Weng, Mi Zhang, Shrikanth Narayanan, and Salman
Avestimehr. 2025. Creating a lens of chinese cul-
ture: A multimodal dataset for chinese pun rebus
art understanding. In Findings of the Association
for Computational Linguistics, ACL 2025, Vienna,
Austria, July 27 - August 1, 2025, Findings of ACL,
pages 22473–22487. Association for Computational
Linguistics.

Li Zheng, Hao Fei, Ting Dai, Zuquan Peng, Fei Li,
Huisheng Ma, Chong Teng, and Donghong Ji. 2025.
Multi-granular multimodal clue fusion for meme un-
derstanding. In Thirty-Ninth AAAI Conference on
Artificial Intelligence, Thirty-Seventh Conference on
Innovative Applications of Artificial Intelligence, Fif-
teenth Symposium on Educational Advances in Artifi-
cial Intelligence, AAAI 2025, Philadelphia, PA, USA,
February 25 - March 4, 2025, pages 26057–26065.
AAAI Press.

Jinguo Zhu, Weiyun Wang, Zhe Chen, Zhaoyang Liu,
Shenglong Ye, Lixin Gu, Hao Tian, Yuchen Duan,
Weijie Su, Jie Shao, Zhangwei Gao, Erfei Cui, Xue-
hui Wang, Yue Cao, Yangzhou Liu, Xingguang Wei,
Hongjie Zhang, Haomin Wang, Weiye Xu, and 32
others. 2025. Internvl3: Exploring advanced train-
ing and test-time recipes for open-source multimodal
models. CoRR, abs/2504.10479.

Yanyan Zou and Wei Lu. 2019. Joint detection and loca-
tion of english puns. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, NAACL-HLT 2019, Minneapolis,
MN, USA, June 2-7, 2019, Volume 1 (Long and Short
Papers), pages 2117–2123. Association for Compu-
tational Linguistics.

25307

https://doi.org/10.48550/ARXIV.2408.01800
https://doi.org/10.48550/ARXIV.2408.01800
https://doi.org/10.18653/V1/P18-1153
https://doi.org/10.18653/V1/P18-1153
https://doi.org/10.18653/V1/2025.EMNLP-MAIN.1419
https://doi.org/10.18653/V1/2025.EMNLP-MAIN.1419
https://aclanthology.org/2025.findings-acl.1155/
https://aclanthology.org/2025.findings-acl.1155/
https://aclanthology.org/2025.findings-acl.1155/
https://doi.org/10.1609/AAAI.V39I24.34801
https://doi.org/10.1609/AAAI.V39I24.34801
https://doi.org/10.48550/ARXIV.2504.10479
https://doi.org/10.48550/ARXIV.2504.10479
https://doi.org/10.48550/ARXIV.2504.10479
https://doi.org/10.18653/V1/N19-1217
https://doi.org/10.18653/V1/N19-1217


A Prompt Templates

Figures 8 and 9 present the prompt templates for
visual semantic cue extraction and cue-conditioned
joint prediction, respectively.

Prompts for Visual Semantic Cue Extraction

Input: <meme image>

Pent: Entity-level Cue Extraction
Instruction: Please analyze the meme image and extract the visible
entities. Do not transcribe subtitles or watermarks in the image. Only
focus on concrete visual content.

Output Format:
Entities: XXX; YYY; ZZZ

Pevt: Event-level Cue Extraction
Instruction: Please analyze the meme image and describe the main
visual event, state, or action. Do not transcribe captions, subtitles,
texts, or watermarks in the image.

Output Format:
Event: XXX

Figure 8: Prompt templates for visual semantic cue
extraction.

Prompt for Joint Learning

Input of Meme Image: <meme image>

Definition:
A meme is a “pun meme” if its caption intentionally uses polysemy
or homophony to create two or more meanings, and at least one
meaning is grounded in the visual elements of the image. Otherwise,
it is a “non-pun meme”.

Task Description:
Based on the above definition, determine whether the given meme is a
pun meme. The caption within the meme is “{caption}”. The visual
elements are “Key Entity: {key_entity}; Event: {event}”.
Pay attention to whether there is a homophonic or polysemous pun
association between the caption and the image. If a pun exists, both
the literal meaning and another implicit meaning should be satisfied.
If it is a pun meme, further predict the sentiment it expresses in
online chatting, including the sentiment target and sentiment type. If
it is not a pun meme, set sentiment analysis to null.

Output Format:
{
"pun_label": "pun/non-pun",
"sentiment_analysis": {
"sentiment_target": "self/both/other",
"sentiment_type": "positive/neutral/negative"
} or "null"
}

Your response:

Figure 9: The cue-conditioned prompt template used
for joint pun meme detection and sentiment analysis.
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