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Abstract

With the continuous emergence of various social media plat-
forms frequently used in daily life, the multimodal meme
understanding (MMU) task has been garnering increasing at-
tention. MMU aims to explore and comprehend the meanings
of memes from various perspectives by performing tasks such
as metaphor recognition, sentiment analysis, intention detec-
tion, and offensiveness detection. Despite making progress,
limitations persist due to the loss of fine-grained metaphorical
visual clue and the neglect of multimodal text-image weak
correlation. To overcome these limitations, we propose a multi-
granular multimodal clue fusion model (MGMCEF) to advance
MMU. Firstly, we design an object-level semantic mining
module to extract object-level image feature clues, achiev-
ing fine-grained feature clue extraction and enhancing the
model’s ability to capture metaphorical details and semantics.
Secondly, we propose a brand-new global-local cross-modal
interaction model to address the weak correlation between
text and images. This model facilitates effective interaction be-
tween global multimodal contextual clues and local unimodal
feature clues, strengthening their representations through a
bidirectional cross-modal attention mechanism. Finally, we
devise a dual-semantic guided training strategy to enhance
the model’s understanding and alignment of multimodal rep-
resentations in the semantic space. Experiments conducted
on the widely-used MET-MEME bilingual dataset demon-
strate significant improvements over state-of-the-art baselines.
Specifically, there is an 8.14% increase in precision for offen-
siveness detection task, and respective accuracy enhancements
of 3.53%, 3.89%, and 3.52% for metaphor recognition, sen-
timent analysis, and intention detection tasks. These results,
underpinned by in-depth analyses, underscore the effective-
ness and potential of our approach for advancing MMU.

Introduction

Memes, as a popular form of online communication, express
viewpoints, sentiments, and intentions in a concise and hu-
morous manner. With the development of social networks,
Multimodal Meme Understanding (MMU) (Wang et al. 2024;
Xu et al. 2022), as an emerging research area in Natural Lan-
guage Processing (NLP), plays a crucial role in many down-
stream applications, such as question answering (Zheng et al.

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

26057

&g, The fine-grained metaphorical
visual information

=
“Peace is only an armistice in

S

The weak correlation between s,
the text and image modalities <2

(b) Peace is only an armistice
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corona virus?

Figure 1: Examples of Metaphorical Memes.

2024b) and sentiment analysis (Zheng et al. 2023a,b). The
definition of the MMU task involves predicting understand-
ing from four dimensions: metaphor, sentiment, intention,
and offensiveness. However, memes are nuanced, and accu-
rately grasping the underlying meaning embedded within the
combination of text and images poses a crucial challenge.

Several studies have made commendable efforts in MMU.
Kiela et al. (2020); Kirk et al. (2021) introduced multi-
modal hate meme datasets specifically designed for hate
detection. However, these studies overlooked the crucial as-
pect of metaphorical features in memes. Therefore, Xu et al.
(2022) considered the richer metaphorical features in memes
and constructed a baseline model and a bilingual dataset
called MET-MEME for this purpose. Furthermore, Wang
et al. (2024) proposed a metaphor-aware multimodal multi-
task framework on this dataset to capture the interactions
between text and images. Despite achieving notable success,
current researches in this field face two significant limita-
tions: 1) the loss of fine-grained metaphorical visual clues
and 2) the neglect of multimodal text-image weak corre-
lation. These limitations hinder its further flourishing and
widespread adoption.

On the one hand, existing works (Qu et al. 2023; Ji, Ren,
and Naseem 2023) exhibit a lack of emphasis on images and
simply encode broad visual representations at the image-level,
ignoring metaphorical clues at the fine-grained object-level
of images. This neglect leads to a critical absence of key
visual metaphorical details, resulting in semantic ambiguity
and omissions, ultimately failing to comprehensively capture



the complexity and diversity of memes. As shown in Figure
1 (a), encoding visual features solely at the image-level falls
short in capturing the crucial metaphorical clues of a pizza
being used as a mask. Detecting the presence of metaphors
and accurately predicting the conveyed sentiments, intentions,
and potential offensiveness becomes exceedingly challenging
in such cases.

On the other hand, existing methods (Xu et al. 2022; Wang
et al. 2024) primarily focus on directly integrating textual
and visual information to comprehend memes, overlooking
the issue of weak correlations between modalities and disre-
garding the intrinsic crucial metaphorical clues within each
modality. This oversight lead to the loss of crucial details
and clues, thereby limiting a comprehensive understanding
of memes. For instance, in the illustrated example in Figure
1 (b), there is a weak correlation between the image and text,
where the image conveys peace while the text reveals hatred
towards war. Merely concatenating and fusing the image and
text information directly could lead to a misinterpretation of
the meme as peaceful.

In this paper, motivated by the aforementioned observa-
tions, we propose a Multi-Granular Multimodal Clue Fusion
model (MGMCF) to improve multimodal meme understand-
ing. First, we design an object-level semantic mining module
to extract fine-grained object-level feature clues from images.
We then integrate these object-level feature clues with the
overall image-level feature clues to obtain a multi-granular
representation. This enables our model to better capture the
metaphorical details and semantics of images, offering a more
comprehensive visual understanding. Second, considering
the weak correlation between text and images, we not only fo-
cus on the interactions between different modalities but also
emphasize the crucial metaphorical clues within each modal-
ity, integrating multi-granular clues to enhance the ultimate
understanding of multimodal memes. Therefore, we propose
a novel global-local cross-modal interaction model to enable
effective interaction between the global multimodal contex-
tual clues and local unimodal feature clues. Specifically, the
global multimodal context enhances the local unimodal fea-
tures through a symmetric cross-modal attention mechanism.
This interaction process is bidirectional, allowing the global
context to extract useful clues from the local unimodal fea-
tures and update itself. Through multi-level stacking, the
global multimodal context and local unimodal features mutu-
ally enhance each other and gradually improve. Moreover,
to enhance semantic alignment, we devise a dual-semantic
guided training strategy. By bringing related image-text pairs
closer in the forward direction and pushing unrelated pairs
apart in the reverse direction, we aim to foster a more robust
understanding of complex multimodal semantic clues.

To verify the effectiveness of our model, we conduct exper-
iments on the benchmark MET-MEME bilingual dataset (Xu
et al. 2022), which contains both English and Chinese memes.
The results demonstrate that our model significantly outper-
forms all state-of-the-art (SoTA) baselines across all evalua-
tion metrics in the four tasks. On the English meme dataset,
the precision in the offensiveness detection task increased by
8.14%, and the accuracy in metaphor recognition, sentiment
analysis, and intention detection tasks improved by 3.53%,
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3.89%, and 3.52%, respectively. Additionally, extensive ex-
periments validate the effectiveness of our fine-grained visual
information enhancement and global-local interactions.

Our main contributions are summarized as follows:

* We analyze and summarize two intrinsic challenges in the
MMU task and propose a multi-granular multimodal clue
fusion model, the first to consider fine-grained visual clues
and integrate unimodal feature clues to enhance MMU.

* We design an object-level semantic mining module and
a global-local cross-modal interaction model to facili-
tate effective interaction between global multimodal clues
and local unimodal clues, achieving multi-granular under-
standing of meme metaphorical clues and semantics.

* Our extensive experimental results on MET-MEME
dataset demonstrate that our scheme achieves state-of-
the-art performance on the MMU task.

Related Work
Multimodal Meme Understanding

Recently, multimodal meme understanding (Lin et al. 2024;
Hee, Chong, and Lee 2023; Qu et al. 2023; Fang et al. 2024b,
2023, 2024c, 2025; Zheng et al. 2024a) has attracted increas-
ing attention. Unlike general multimodal learning tasks (Ji
et al. 2021, 2022; Li et al. 2022b,a; Wu et al. 2023; Li et al.
2023a; Fei et al. 2024a; Luo et al. 2024), meme understanding
relies more heavily on contextual and metaphorical informa-
tion. Existing research has mainly focused on hateful memes.
Yang et al. (2023) proposed a scalable invariant and specific
modality representation learning framework based on graph
neural networks for harmful meme detection. Ji, Ren, and
Naseem (2023) introduced a prompt-based method to iden-
tify harmful memes. Beyond just focusing on hateful meme
detection, Xu et al. (2022) introduced a fine-grained mul-
timodal meme understanding dataset, which includes tasks
such as sentiment analysis, intention detection, offensiveness
detection, and metaphor recognition, to analyze memes at
a finer granularity. Wang et al. (2024) created cross-modal
and intra-modal attention mechanisms on this dataset to cap-
ture the interactions between text and images for multimodal
meme understanding. However, existing works overlook the
object-level fine-grained clues in images, potentially leading
to the loss of crucial metaphorical visual details. Moreover,
these methods do not address the issue of cross-modal weak
correlations, neglecting the essential clues within unimodal,
which result in semantic ambiguity and confusion, failing to
fully capture the complexity and diversity of memes.

Metaphorical Information Processing

In the field of NLP, there has been growing interest in develop-
ing models for metaphor detection (He et al. 2024; Fang et al.
2024a; Elzohbi and Zhao 2024; Zhang and Liu 2023). Under-
standing the essence of memes relies critically on identifying
the metaphorical information embedded within them. Exist-
ing researches (Qiao, Zhang, and Ma 2024; Elzohbi and Zhao
2024; Badathala et al. 2023) have primarily focused on uni-
modal metaphor detection. Zhang and Liu (2023) proposed
a novel multi-task learning framework based on a metaphor
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Figure 2: The overall architecture of our model. “mr” means metaphor recognition, “sa” means sentiment analysis, “id” means

intention detection, “od” means offensiveness detection.

recognition program, a set of linguistic rules. Li et al. (2023b)
performed metaphor detection by explicitly modeling the
basic meanings of concepts. Tian et al. (2023) designed a
domain contrastive learning strategy to capture the semantic
inconsistencies. While these unimodal metaphor detection
methods have achieved promising results, there has been rel-
atively less exploration in the area of multimodal metaphor
detection. Alnajjar, Hamildinen, and Zhang (2022) intro-
duced a multimodal metaphor annotated corpus and designed
a video-text content-based method for metaphor detection.
He et al. (2024) developed a multi-interactive cross-modal
residual network for multimodal metaphor recognition.

Methodology
Task Definition

This paper addresses the task of multimodal meme under-
standing, encompassing metaphor recognition, sentiment
analysis, intention detection, and offensiveness detection.
Specifically, given an example consisting of an image I, its
corresponding text 7', a source domain T, and a target do-
main 7, the objective of multimodal meme analysis is to
predict the categories of metaphor y,,,, sentiment y,, inten-
tion y;4, and offensiveness y,4. As shown in Figure 2, the
source domain serves as the basis for the metaphor, while the
target domain embodies the concept or idea metaphorically
conveyed, typically in textual form.

Feature Extraction

Text Encoder. In accordance with the approach described in
Wang et al. (2024), we utilize Multilingual BERT (Wang et al.
2019) to extract textual features from the corresponding text
xt, source domain ¢, and target domain z¢. The encoding
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process can be formulated briefly as:

{ht ..,hl} = M-BERT({z!,...,xL})
{hi,...h;} = M-BERT ({z7, ...,x,}) (1)
{h{,...hg} = M-BERT ({x{, ...,z })

where n, p, and q represent the word counts of the correspond-
ing text, source domain, and target domain, respectively.
Image Encoder.

Multimodal meme images contain rich metaphorical de-
tails that are crucial clues for understanding memes. There-
fore, when extracting visual features from memes, we cannot
solely focus on image-level visual semantic clues as with
other multimodal tasks. It is imperative to capture object-level
fine-grained clue features that encompass these metaphorical
details. To achieve this goal, we devise a visual information
enhancement strategy for extracting feature clues of different
granularities.

For image I, following (Wang et al. 2024), we first employ
a pretrained convolutional neural network classifier, VGG16
(Simonyan and Zisserman 2014), to extract image-level fea-
tures h® = VGG16(1). Then, we transform the input image
I into a series of embedded blocks to capture fine-grained im-
age features. By integrating object detection, attribute recog-
nition, and positional information, we enrich the representa-
tion of image features and enhance enhance image metaphor
comprehension. Specifically, we design an object-level se-
mantic mining module (Anderson et al. 2018) to identify
and localize objects in an image. For each visual region I;
represented by a bounding box, we resize the region to a
standard size of 224 x 224 pixels. Following Xu, Zeng, and
Mao (2020), we reshape the resized region I; into a sequence
I; = {r1,...,7m}, where each region is represented by a



block. This reshaping divides the region into a grid of blocks,
with m being the total number of blocks. Next, we flatten each
block 7; and project it into a d’-dimensional vector. This pro-
jection is performed using a trainable linear projection matrix
E, and the resulting embedded representation of block r; is
denoted as z; = r; . To incorporate contextual information
and retain positional information, we prepend a [class] token
embedding at the beginning of the patch sequence. Position
embeddings are also appended to the patch embeddings, indi-
cating their relative positions within the sequence. The input
representation of each visual region I; is expressed as:

Z; = [Z[class] 3Ry ey zm] + Epos (2)

where Z; represents the input matrix of image patches, and
E,.s denotes the position embedding matrix. Subsequently,
we feed the input matrix Z; into the VGG16 encoder to
obtain the visual region I; representation hY = VGG16(Z;).
Finally, the representation of the image I is defined as:

h; ={h° h},.. . h)} 3)
Modal Fusion

The text and image of multimodal meme have the problem of
weak correlation, and directly fusing the text and image may
result in incorrect meme understanding. A good fusion solu-
tion should extract and integrate sufficient information from
multimodal sequences while preserving the independence of
each modality. Therefore, we propose a novel global-local
cross-modal interaction model that not only considers interac-
tions between modalities but also emphasizes the importance
of each modality itself to enhance multimodal fusion at mul-
tiple granularities. Specifically, we devise an efficient mech-
anism called Cross-modal Attention Promotion (CAP) that
leverages symmetric cross-modal attention to explore the in-
herent correlations between the two input feature sequences,
promoting the exchange of beneficial information across the
sequences. CAP utilizes self-attention to model the tempo-
ral dependencies within each feature sequence, enabling the
integration of more information. The mechanism takes se-
quences h” and h' as inputs and generates their mutually
reinforcing information hp_,; and h;_,p. The computation
of CAPr.r(hT k') is as follows:

71 =MCA(LN(hy), LN (h;))+ hr
/7/“%1 = MSA(LN( IT%I)) + hIT%I 4
hrr = FN(LN(h/i/"aI)) + h”fll"—ﬂ

where LN denotes layer normalization and FN is the
feedforward neural network. MSA(-) refers to the out-
put of the multi-head self-attention mechanism computa-
tion. MCA(-, -)represents the result of the multiple cross-
attention mechanism calculation. Similarly, we can obtain
CAPror(hr, hr).

The traditional cross-attention interaction requires two up-
dates during the modal interaction process to achieve modal
enhancement, which is inefficient and introduces redundant
features into the sequence. Based on the historical experi-
ence from large-scale pretraining, it has been observed that
a single token can represent the entire sequence, further im-
proving the efficiency of modal interaction. Motivated by
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this observation, we propose a global-local cross-modal in-
teraction model with linear computational cost to enhance
efficiency. The discourse-level representation of each modal-
ity replaces the standard information and interacts with local
unimodal features within a global multimodal context. This
means that the representation of each modality not only relies
on local features but also takes into account the influence of
global context. This global-local interaction model reduces
the introduction of redundant features and improves modal
interaction effectiveness while maintaining efficiency.

We establish the global multimodal context information
denoted as g° = concat(hi., h%) by concatenating the rep-
resentations of each modality at each layer of global-local
interaction, where i represents the number of layers of global
local interaction. By integrating the global context informa-
tion and local modal information, and learning modal con-
sistency and specificity, we ensure effective interaction and
capture relevant information from both the global and local
perspectives. The entire interaction process is as follows:

i gy, = CAPrL o (hy) .g®)

By g% = CAPL (k). ")
By stacking multiple layers, the global multimodal context
and local unimodal features can mutually reinforce and pro-
gressively refine each other. We hierarchically handle the
entire learning process, with each layer capturing different
features corresponding to the model’s main stages. The model
initially learns shallow interaction features, gradually pro-
gressing to acquire higher-order semantic features in later
stages. This hierarchical learning method successfully inte-
grates information from various modalities by ingeniously
designed aggregation blocks, providing the model with a
more comprehensive and enriched representation of multi-
modal features. Through the model’s interactions, informa-
tion from different modalities can be combined in a deeper
and more effective manner, enabling the acquisition of more
advanced feature representations in subsequent hierarchical
learning. Subsequently, we aggregate the features from both
unimodal and multimodal sources to facilitate subsequent
task predictions.

Yo = softmaz(W MSA(RE hi™,g'M)) +b) ()
where y,,, is the feature output distribution after multimodal
fusion, W,,, and b are trainable parameters.

Our approach focuses not only on the interactions between
modalities but also on the individual feature representations
of each modality. We separately use the unimodal features
obtained from text and image encoders to predict subsequent
tasks. This allows to capture the unique characteristics and
information within each modality, thereby improving the
accuracy and effectiveness of MMU.

yr = softmax(Wihr + b) o
y; = softmax(W;h; + b)
Given the yys, Y1, and y;, we obtain the final prediction y:
Yy=ym+yr+yr ®)
where y can be considered as a comprehensive feature set

encompassing multi-granular features, including text, image,
and image-text modalities.

&)



Method English Chinese English Chinese
Acc Pre Rec Acc Pre Rec Acc Pre Rec Acc Pre Rec
Sentiment Analysis Intention Detection

VGG16 20.57 20.84 2422 2994  26.04 29.20 37.19  38.71 38.15 4748 4921 4781
DenseNet-161 21.88 21.71 25.65 2945 2750  29.36 38.10  39.31 37.89 4723  39.24  47.06
ResNet-50 21.74 18.63  21.35 29.36 2750  29.28 39.19  37.12 40.10 47.15  39.23  47.06
Multi-BERT EfficientNet  28.52 2452 29.04 33.50 3529 3342 43.10 4154  42.19 51.03  43.06 51.03
Multi-BERT_ViT 2443 2341 23.96 3325 2733 3284 41.28 40.13  40.62 50.62 41.32  50.62
Multi-BERT _PiT 25.00 27.82  28.12 33.66 33.58  33.09 4223  41.09 41.02 50.21  50.00 50.04
MET _add 24.65 2452 2526 3250 32,62 3350 4032 4039  41.28 5293 52.68 5401
MET _cat 27.68 2841 29.82 3342 3433 3391 3856  39.19 39.84 51.58 5148 52.85
M3F_add 3047 3345 30.34 3995 41.80 39.87 4440 41.89 4432 55.25 5457  55.00
M3F _cat 29.82  34.18 30.73 3722 3955 3797 44.10 4456 4353 53.52 5472 5452
Ours 3436 3777 3438 4211 4759 42.02 4792 4753 47.06 58.56 5799 58.32

(+389%)  (+3.52%)  (+3.65%) (+2.16%)  (+5.79%)  (+2.15%) (+3.52%)  (2.97%)  (+2.74%) (+331%)  (+327%)  (+3.32%)

Offensiveness Detection Metaphor Recognition

VGG16 67.10 6342 7253 70.07 64.11 72.07 7839 7973 79.95 67.00 6724 67.82
DenseNet-161 69.66 62.07  69.98 7143 7082 7543 80.08 80.23  80.47 67.16 6791  67.99
ResNet-50 69.21 64.62  72.57 7324 69.62 75.74 80.34  81.22  80.86 67.74 67.63 67.66
Multi-BERT _EfficientNet  73.78  67.98  74.56 78.15  72.11 79.98 82.46 8439  83.11 7419 7126  74.28
Multi-BERT_ViT 7122 6296  72.66 7692 6731 78.74 81.90  82.01 82.46 73.28 7255  73.70
Multi-BERT_PiT 7279 66.69  74.26 77.17  70.16  79.05 82.07 83.05 82.98 75.10  73.15 74.28
MET_add 68.39  66.21 72.14 76.01 7476 78.16 81.33 81.49  82.29 74.04 7451 7496
MET _cat 67.25 66.15 7448 73.19 7159  79.49 8239 82.69 83.33 7290 7280  75.67
M3F_add 76.17 6945  76.19 80.81  76.00  80.73 83.98 8586  84.38 77.01 7294  82.68
M3F _cat 74.09  69.59  76.15 80.07 7620  80.62 83.20 8597  85.81 76.18  73.02  80.00
Ours 7811 7773  78.32 82.15 81.80 82.02 87.51 88.58  88.89 7839 78.16  83.92

(+1.94%)  (+8.14%)  (+2.13%) (+1.34%)  (+5.6%)  (+1.29%) (+3.53%)  (+261%)  (+3.08%) (+1.38%)  (+3.65%)  (+1.24%)

Table 1: Experimental results on the MET-MEME dataset of four tasks.
Training By minimizing task-specific losses for each individual task

For each task, we train the model using the standard gradient
descent algorithm to minimize the cross-entropy loss.

N
min £. = — ) ytlogil + A |16
i=1

where * stands for the representation of different tasks. N
is the training data size. 3/* and ¢’ respectively represent the
ground-truth and estimated label distribution of instance i. 6
denotes all trainable parameters of the model, A represents
the coefficient of L2-regularization.
Dual-semantic Guided Loss. In addition to task-specific
losses, we devise a dual-semantic guided loss to effectively
leverage cross-modal information, enhancing the model’s
comprehension and alignment of multimodal representations
in the semantic space. The context-aware multimodal repre-
sentations (hT; and hl;) contain contextually relevant infor-
mation associated with specific memes. By bringing related
image-text pairs closer in the forward direction and pushing
unrelated pairs apart in the reverse direction, these represen-
tations are aligned in the same semantic space, effectively
utilizing cross-modal information. Specifically, we contrast
the multimodal representation of a specific meme sample
(i.e., h,), with another multimodal representation (hy,) from
within the same batch of sampled memes. By comparing the
similarities and differences between these representations,
the model learns how to better differentiate and capture the
semantic information among different meme samples.

exp(sim(hg,, hy,)/T)
it e exp(sim (b, by, ) /7))

where sim is the cosine-similarity, N is the batch size, and 7
is the temperature to scale the logits.

€))

Lag = —log

(10)
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and incorporating a contrastive loss, our overall loss function
is defined as follows:

L= Lmv‘ +['sa +£id+£od+£dg (11)

Experiments
Experimental Setting

Datasets. We assess the efficacy of our model on the widely
used MET-MEME bilingual dataset (Xu et al. 2022), which
consists of both English and Chinese memes. The English
meme dataset is sourced from MEMOTION and Google
search, comprising 4,000 text-image pairs, comprising 4,000
text-image pairs. The Chinese meme dataset consists of 6,045
text-image pairs, covering six different categories, including
animals, scenery, animations, films, dolls, and humans.
Evaluation Metrics. In terms of evaluation metrics, we align
with Wang et al. (2024) and use three metrics, namely ac-
curacy (Acc), weighted precision (Pre), and recall (Rec), to
assess the performance. All our scores are the average over 5
runnings with random seeds.

Baseline Systems

To validate the effectiveness of our model, we compare it
against the following state-of-the-art baselines. (1) Unimodal
models that solely utilize image modality information, such
as VGG16 (Simonyan and Zisserman 2014), DenseNet-161
(Huang et al. 2017), and ResNet-50 (He et al. 2016). (2)
Multimodal models that incorporate both text and image
modalities. These include Multi-BERT-EfficientNet (Tan and
Le 2019), Multi-BERT-ViT (Dosovitskiy et al. 2020), Multi-
BERT-PiT (Heo et al. 2021), MET (Xu et al. 2022) employ
a straightforward concatenation or element-wise addition to



Sentiment Analysis Intention Detection

Method Acc Pre Rec Acc Pre Rec
Ours 3436 37.77 34.38 4792 47.53 47.06
w/oOM 3247 36.16  32.39 46.27 46.17 4589
w/oUP 3285 36.53 32.76 46.73 46.59 46.11
w/oGL 31.76 3549  31.83 4582 4541 4547
w/oDG 33.59 3694  33.52 47.05 46.94 46.63
Offensiveness Detection Metaphor Recognition
Acc Pre Rec Acc Pre Rec
Ours 78.11 77.73  78.32 87.51 88.58 88.89
w/oOM  77.28 73.41 77.22 8542 87.45 87.46
w/oUP 7753 7466  77.68 8581 87.64 87.74
w/oGL  76.89 7257  76.94 8498 86.77 86.79
w/oDG 7774 7539  77.93 86.43 87.93 88.02

Table 2: Ablation results on the MET-MEME English dataset
of four tasks. “OM” means object-level semantic mining,
“UP” means unimodal prediction, “GL” means global-local
interaction, “DG” means dual-semantic guided strategy.

merge feature vectors for meme understanding, and M3F
(Wang et al. 2024) devise attention mechanisms to capture
the interaction between text and images.

Main Results

We conduct a comprehensive comparison of our MGMCF
with SoTA unimodal and multimodal models on the MET-
MEME dataset. Table 1 presents the results for four tasks:
sentiment analysis (SA), intention detection (ID), offensive-
ness detection (OD), and metaphor recognition (MR). The
results highlight that our approach outperforms SoTA base-
lines across all evaluation metrics for the four tasks, revealing
several key findings. Firstly, compared to unimodal mod-
els, multimodal models demonstrate superior performance
by leveraging additional visual-textual features. However,
it is crucial to thoroughly exploit visual information and
deeply fuse multimodal features. Otherwise, they only yield
marginal improvements over unimodal models or even un-
derperform them (e.g., in the OD task, the MET method
performs worse than DenseNet-161 and ResNet-50). By cre-
ating cross-modal attention, M3F achieves the current SOTA
results. Notably, our model significantly surpasses the SOTA
techniques. On the English meme dataset, our precision im-
proves by 8.14% in the OD task, and accuracy improves
by 3.53%, 3.89%, and 3.52% in MR, SA, and ID, respec-
tively. On the Chinese dataset, our precision improves by
3.65%, 5.79%, 3.27%, and 5.6% in MR, SA, ID, and OD,
respectively. Furthermore, our approach exhibits significant
enhancements compared to MET. On the English MEME
dataset, improvements range from 6.18% to 13.25%, and
on the Chinese MEME dataset, enhancements range from
3.86% to 14.97%. These findings indicate that by focusing on
object-level fine-grained image details and the intrinsic uni-
modal clues, and integrating multi-granular clues, we achieve
significant performance improvements in the MMU.

Ablation Study

We perform ablation experiments to evaluate the contribution
of each component in our model. As depicted in Table 2, no
variant matches the full model’s performance, highlighting
the indispensability of each component. Specifically, when
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Figure 3: Comparative results between global-local and local-
local interaction on the MET-MEME English dataset.

the global-local interaction is not utilized, three evaluation
metric scores for all four tasks suffer the most significant de-
cline. In particular, the precision score for the OD task drops
by 5.16%, and for the SA task drops by 2.28%. This indi-
cates that the global-local interaction successfully integrates
information from different modalities, providing a more com-
prehensive multimodal feature representation. To validate
the necessity of object-level semantic mining module, we
remove this module, and the decline in results signifies its
indispensable impact on MMU. This finding suggests that
mining fine-grained information from images can offer more
detailed insights into image content. Furthermore, removing
unimodal predictions leads to a performance drop, indicating
that unimodal predictions contribute to the final predictions
and effectively address the issue of weak correlation between
image and text. Additionally, performance declines when
dual-semantic guided strategy is removed, demonstrating its
crucial role in enhancing semantic alignment and reducing
modalities’ inconsistencies.

Deep Analyses on The Proposed Methods

To further investigate the effectiveness of our method, we
conduct in-depth analyses to answer the following questions,
aiming to mine the intuition and analyze implicit phenomena.
Q1: What are the advantages of the global-local interac-
tion? To further validate the effectiveness of our proposed
global-local interaction model, we conduct a comparative
analysis between our global-local interaction method and
the local-local interaction method. The local-local interac-
tion method refers to performing pairwise local interactions
within each modality. As shown in Figure 3, the results con-
sistently demonstrate the superiority of the global-local inter-
action across all evaluation metrics for the four tasks. This
finding indicates that by incorporating a higher-level global
context that encompasses the entire modality, the global-local
interaction method achieves more comprehensive and effec-
tive interactions between modalities. In contrast, the local-
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Figure 5: Influence of unimodal prediction on the MET-
MEME English dataset.

local interaction method solely focuses on intra-modality
local feature interactions and fails to fully leverage the holis-
tic information across modalities. By leveraging the global
context, we capture a broader range of semantic information,
enabling a deeper understanding of the interdependence be-
tween modalities and effectively addressing inconsistencies
and differences between modalities, thereby enhancing the
performance of the MMU task.

Q2: How can fine-grained visual features help improve
model performance? We conduct a visualization in Fig-
ure 4 to better illustrate the outstanding performance of the
fine-grained visual enhancement module. By visualizing the
attention distribution of the model, we observe that the mod-
ule exhibits higher attention towards specific object parts in
the image when the fine-grained visual enhancement module
is utilized. Focusing on specific objects rather than the en-
tire image allows for more accurate capture of crucial visual
details. This confirms the effectiveness of the fine-grained vi-
sual enhancement module in improving the model’s attention
and understanding of key visual information.

Q3: What are the advantages of unimodal prediction in
multimodal meme understanding? In order to validate
the effectiveness of incorporating unimodal prediction in
multimodal meme understanding, we conduct a comparative
analysis of the performance of combining unimodal predic-
tion with separately removing text modal prediction and im-
age modal prediction. As illustrated in Figure 5, the results
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Figure 6: Influence of CLIP in MMU on the MET-MEME
English dataset.

consistently show that the combined unimodal prediction
outperform the scenarios where any unimodal prediction is
removed across all evaluation metrics in the four tasks. This
indicates that by focusing on the crucial information within
each modality, we can achieve a more comprehensive and ac-
curate understanding of the visual and textual elements within
memes. Furthermore, we observe that removing the image
modality prediction has a larger impact on the performance
compared to removing the text modality prediction. This
finding emphasizes the importance of enhancing visual infor-
mation. By capturing fine-grained visual details, the model
can better leverage the rich visual cues and context present
in memes. These findings highlight the value of unimodal
prediction and underscore the significance of considering the
specific characteristics of each modality in MMU.

Q4: What impact does a large language model have on
MMU? Considering the extensive usage of large language
models (Wu et al. 2024a,b; Fei et al. 2024c¢,b), we investi-
gate their influence on MMU. Figure 6 displays the results
achieved by employing the standalone CLIP model and by
integrating the CLIP model with our proposed method. No-
tably, employing the CLIP model alone yields impressive
performance, attesting to its adeptness in comprehending
multimodal memes. Moreover, the integration of the CLIP
model with our method results in additional performance
improvements, underscoring the efficacy of our approach.

Conclusion

In this paper, we explore two major challenges in the MMU
task: the loss of fine-grained metaphorical visual clues and
the neglect of weak correlation between multimodal text
and images, proposing a solution named MGMCF. MGMCF
enhances the complexity and diversity of images by capturing
object-level fine-grained visual clues, and resolves the weak
correlation between text and images through a novel global-
local cross-modal interaction for multi-granular clue fusion.
Extensive experiments on the MET-MEME bilingual dataset
demonstrate the effectiveness of all our proposed innovative
methods and hypotheses, achieving SoTA performance.
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