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Abstract

Current computational approaches to meme analysis primar-
ily focus on individual memes, with an emphasis on tasks
such as hateful content detection and sentiment analysis. In
contrast, corpus-level analyses, which are necessary to re-
veal in-depth thematic narratives embedded in meme corpora,
have remained within the purview of social science research.
While qualitative methods such as inductive content analy-
sis provide deeper insights, they are labor-intensive and lack
scalability. To address this gap, we introduce MemeTopic-
Trees (MemeTT), a zero-shot pipeline that clusters multi-
modal memes based on their targets, aspects, sentiments,
and opinions. In addition to clustering, MemeTT generates
a descriptive narrative for each cluster to provide a nuanced
understanding of meme corpora. By integrating multimodal
aspect-based sentiment analysis with hierarchical clustering,
MemeTT automates both semantic analysis and narrative
generation at scale. Evaluated on a combined pool of three
datasets spanning political, public health, and defense do-
mains, MemeTT successfully produces fine-grained clusters
and coherent narratives, with narrative relevance most pro-
nounced at the target and aspect levels. Evaluations show that
the best-performing models are highly accurate at identifying
meme targets and aspects, although maintaining high accu-
racy for opinions and sentiments remains challenging. Fur-
thermore, while cluster distinctiveness is robust at the tar-
get level, room for improvement remains at lower clustering
levels. Despite these challenges, this approach offers a scal-
able solution for analyzing public sentiment and discourse in
meme corpora. We lay the foundation for future research on
the understudied task of automated meme corpus analysis.

Code — https://github.com/Social- AI-Studio/MemeTT

Introduction

Motivation. Memes shape digital interactions, from facil-
itating political expression (Johann 2022) to perpetuating
toxicity (Lim et al. 2024), making their analysis impor-
tant for understanding public sentiment on social networks.
However, existing computational approaches are mainly
aimed at analyzing individual memes (Cao et al. 2023; Hee,
Chong, and Lee 2023). This narrow focus neglects the over-
arching themes within meme corpora, which are integral to

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1767

interpreting online discourse. Although valuable for content
moderation, these methods fail to capture emerging thematic
narratives and evolving sentiments, thereby limiting their
utility for decision-makers.

Inductive content analysis is a staple of social science re-
search for interpreting qualitative material. However, it is
notoriously labor-intensive and time-consuming (Cho and
Lee 2014). While this technique has been used to study lim-
ited meme corpora, the sheer scale of modern social me-
dia renders manual coding impractical. Given that more than
one million Instagram posts per day referenced “meme” in
2020 (Instagram 2020), manual analysis is infeasible, hence
the need for automated multimodal analysis techniques.

The analysis of meme corpora is challenging because
memes are multimodal. Text and images often interdepen-
dently express ideas that neither can convey alone (Yus
2019). Interpreting this interplay requires multimodal infer-
ence (Toh et al. 2023). Similarly, effective meme cluster-
ing requires consideration of both modalities. In addition,
memes often express varying stances on similar topics, com-
plicating the distillation of coherent narratives. To the best of
our knowledge, no end-to-end automated approach for large-
scale, narrative-level analysis of memes currently exists.

Research Objectives. To address the challenges of large-
scale multimodal meme analysis, we propose MemeTopic-
Trees (MemeTT), a scalable pipeline for corpus-level con-
tent analysis and narrative generation. Unlike methods that
classify individual memes into predefined categories (e.g.,
hateful or non-hateful), MemeTT integrates Multimodal
Aspect-Based Sentiment Analysis (MABSA) with hierar-
chical clustering to distill corpus-level narratives.

Specifically, MemeTT entails the inference of semantic
quadruples following the target-aspect-opinion-sentiment
formulation introduced by Li et al. (2023). While this
quadruple structure was originally designed for text dia-
logues, we adapt it to multimodal memes. Additionally, we
cluster these quadruples by shared elements into a hierar-
chy that surfaces themes at various levels of granularity.
For example, COVID-19 memes can address various targets,
from mask-wearing to remote work meetings. Mask-related
memes can focus on aspects such as public health or aesthet-
ics. Within the public health cluster, sentiments and opinions
vary. Some memes positively portray masks as significant
and effective, while others decry them as illogical.



Compared with traditional inductive content analysis,
which iteratively distills meme corpora into broad content
categories, MemeTT offers greater nuance and structure
in both methodology and output: Clusters are hierarchi-
cally organized by targets, aspects, sentiments, and opin-
ions, and are accompanied by informative narratives. This
multi-layered structure captures both high-level patterns and
fine-grained distinctions and yields descriptive opinion-level
summaries. Our experiment applying MemeTT to a pool
of datasets, including Harm-C (Pramanick et al. 2021a), re-
vealed layered themes surrounding pandemic sentiment, in-
cluding criticism of work-from-home mandates. As an ex-
ample, a narrative generated by MemeTT is as follows:

The memes view universal work-from-home mandates
with a negative sentiment because their practicality
across professions is seen as absurdly limited.

By offering a scalable approach to meme corpus analy-
sis, MemeTT provides policymakers, government agencies,
campaign strategists, and other public-facing organizations
with actionable insights into public sentiment. When applied
to the Harm-C corpus, for example, MemeTT surfaces not
only prominent topics such as working from home, mask
mandates, and vaccine mandates, but also the salient con-
cerns associated with each. Vaccine-related memes include
narratives questioning vaccine safety as well as narratives
opposing mandates as infringements on personal freedom,
which can support more targeted communication strategies.
Fundamentally, MemeTT goes beyond topic-level analysis
by showing not only what the public discusses, but also
which aspects they endorse or criticize, and why.

Contributions. Our work makes three key contributions:

1. We propose MemeTT, an automated pipeline that ad-
vances beyond traditional inductive content analysis by
delivering hierarchical insights. By leveraging Vision-
Language Models (VLMs) and Large Language Mod-
els (LLMs), MemeTT enables scalable analysis of meme
corpora, providing deep insights into public sentiment.

2. We extend MABSA to multimodal meme corpora, using
VLMs for zero-shot inference of target-aspect-opinion-
sentiment quadruples. This approach offers richer seman-
tic representations compared to typical MABSA tasks
that focus on aspect-sentiment pairs.

3. We validate MemeTT on a pool of three real-world
meme datasets. Through human evaluations, we demon-
strate its ability to represent meme corpora as hierarchi-
cal topic trees and to generate meaningful narratives.

Related Works
Inductive Content Analysis

Inductive content analysis is a qualitative method in
which labels emerge organically during coding and are re-
fined through iterative analysis and comparison of docu-
ments (Vears and Gillam 2022). Traditionally applied to
texts, it has been extended to memes, including COVID-19
memes (Al Rousan, Al Harahsheh, and Al Rousan 2023).
While effective for distilling themes, it is labor-intensive.
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Advances in generative artificial intelligence have en-
abled tools like ChatGPT to support qualitative analysis,
as demonstrated by its application to the analysis of forum
posts on reducing sugar consumption (Bijker et al. 2024).
Motivated by this, we use VLMs and LLMs to analyze
memes, improving scalability and interpretive richness be-
yond traditional methods.

Aspect-Based Sentiment Analysis (ABSA)

Aspect-Based Sentiment Analysis (ABSA) is a fine-grained
sentiment analysis technique that determines sentiments to-
ward specific entities or their characteristics, referred to as
aspects (Hua et al. 2024). Despite significant advancements,
ABSA research faces three key limitations: (i) a limited fo-
cus on quadruple extraction/prediction compared with sim-
pler pair or triplet extraction/prediction tasks, with tasks in-
volving quadruples only recently gaining traction via gen-
erative models (Hua et al. 2024); (ii) an insufficient ex-
ploration of multimodal ABSA (MABSA) relative to text-
based ABSA (Zhao et al. 2024); and (iii) an overempha-
sis on explicit sentiment analysis compared with implicit
sentiment analysis (Zhang et al. 2024). Research address-
ing implicit ABSA, where aspects and/or opinions lack an
explicit textual span, often reduces these implicit elements
to uninformative “NULL” labels, such as “apps-Software-
NULL-Negative” (Cai, Xia, and Yu 2021). For a detailed
discussion of the limitations of ABSA annotation schemes,
see Ocampo Diaz, Zhang, and Ng (2020).

To address these three gaps, we adapt the quadruple (far-
get-aspect-opinion-sentiment) schema proposed by Li et al.
(2023) to multimodal memes and leverage VLMs to recover
implicit elements that emerge only through the joint inter-
pretation of text and images. These outputs enable hierar-
chical clustering and meme corpus analysis.

Meme Clustering

Clustering techniques have been explored to group aspect
phrases, including both implicit and explicit aspects (Vargas
and Pardo 2018), as well as multilingual aspects (Pessutto,
Vargas, and Moreira 2020). In this work, we hierarchically
cluster target phrases, aspect phrases, sentiments, and opin-
ion phrases inferred from multimodal memes, enabling a
comprehensive analysis of meme corpora at varying levels
of granularity. This approach provides deeper insight into
the themes and sentiments expressed in memes.

A notable study by Chang (2022) performed meme clus-
tering using DeepCluster (Caron et al. 2018) to learn vi-
sual embeddings and differentiate between memes created
by regular users and state actors. However, this work relied
on a single modality, required manual cluster labeling, and
involved the arbitrary preselection of the number of clusters.
Another work, MemeCap (Hwang and Shwartz 2023), per-
forms clustering through text-based vector representations.
MemeCap clusters memes through their captions, ignoring
multimodality in its clustering.

Our method addresses these limitations by clustering se-
mantic elements derived from MABSA, including targets,
aspects, sentiments, and opinions. The number of clusters
emerges dynamically, eliminating the need for predefined



cluster counts, and the clusters are automatically labeled for
interpretability. Furthermore, we advance beyond methods
like PromptMTopic (Prakash et al. 2023), a prompt-based
approach designed to identify and cluster meme topics us-
ing LLMs. While PromptMTopic focuses on distilling high-
level topics (e.g., “politics”), our method provides a hierar-
chical and fully articulated representation of meme corpora.

Methodology

Figure 1 (see Appendix C) provides an overview of the
MemeTT pipeline, which consists of three key modules:
Data Preprocessing, Meme Semantic Extraction, and Hier-
archical Clustering. Each module is designed to address spe-
cific challenges in the analysis of memes, collectively en-
abling the scalable, automated analysis of meme corpora.

Data Preprocessing

Memes often feature public figures; identifying such fig-
ures facilitates a more comprehensive interpretation of their
meaning and significance. To this end, our preprocessing
pipeline extracts and refines relevant visual information
from memes, enriching downstream semantic analysis and
narrative generation.

We use the Amazon Rekognition RecognizeCelebrities
endpoint' to detect and localize celebrity faces in each
meme. We retain up to five highest-confidence matches with
confidence scores of at least 90% and draw colored bound-
ing boxes around them. For each retained match, we call
the GetCelebritylnfo endpoint® to retrieve Wikidata links
and extract the associated descriptions. This yields anno-
tated memes, along with celebrity names and descriptions,
which are used in downstream analysis when available.

Meme Semantic Extraction

This module extracts rich semantic elements from memes
for subsequent hierarchical clustering. We use a prompt (see
Appendix F) that integrates six critical steps in a single gen-
eration: (1) meme description, (2) text-image relationship
classification, (3) intertextual references identification, (4)
humor techniques recognition, (5) key message inference,
and (6) MABSA.

Meme Description. The VLM generates detailed descrip-
tions of each meme using prompts adapted from Singla
et al. (2024) and Schuhmann and Bevan (2023). Our prompt
also includes instructions to describe each panel individually
when processing multi-panel memes.

Text-Image Relationship Classification. The VLM clas-
sifies how text and image interact within each meme by ap-
plying a taxonomy of multimodal combinations (McCloud
1994), categorizing text-image pairs as interdependent, text-
dominant, image-dominant, synonymous, or additive. To
guide this process, we adapt a question from Bettin et al.

"https://docs.aws.amazon.com/rekognition/latest/
APIReference/API_RecognizeCelebrities.html

Zhttps://docs.aws.amazon.com/rekognition/latest/
APIReference/API_GetCelebrityInfo.html
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(2023) that encourages explicit reasoning about how the text
contributes to the overall message.

Intertextual References Identification. The VLM iden-
tifies and explains the intertextual references that are central
to memes (Shifman 2013), including cultural and political
allusions (Mukhtar et al. 2024), movie stills and video game
imagery (Lankshear and Knobel 2019), and photographs of
public figures and events (Polach 2015).

Humor Techniques Recognition. The VLM detects hu-
mor techniques by drawing on established meme-humor
taxonomies (Schumacher 2024; Catanescu and Tom 2001;
Taecharungroj and Nueangjamnong 2015; Buijzen and
Valkenburg 2004) and explains how they shape meaning.

Key Message Inference. The VLM infers the key in-
tended messages of each meme within its specific political,
social, or cultural context, reflecting its stance.

Multimodal Aspect-Based Sentiment Analysis. This fi-
nal step involves inferring one or more sets of targets, as-
pects, opinions, and sentiments expressed in the meme. We
also draw on established definitions of “target” (Alaei et al.
2023; Mohammad et al. 2016; Pontiki et al. 2015), “as-
pect” (Fuyao et al. 2023; Ayub et al. 2022), and “opin-
ion” (Huang et al. 2024) to ensure a nuanced understand-
ing of these elements. This structured approach captures
the complex semantic relationships in memes, laying the
groundwork for fine-grained clustering and analysis. Ex-
tending to MABSA the approach of Zhang et al. (2021),
which formulates ABSA as a paraphrasing task, we call on
the VLM to rephrase the coarse-grained viewpoints stated in
the previous step as one or more structured viewpoints in the
following format:

The meme views {target noun or noun phrase}
with a {sentiment} sentiment because its/his/her/their
{aspect noun or noun phrase} is/are seen as { opinion
adjective or adjective phrase}.

After inference, if the VLM output contains exactly one
identifiable viewpoint, that viewpoint is extracted directly
using regular expressions. When the output includes multi-
ple viewpoints or fails to adhere to the expected format, an
LLM is prompted to infer and extract a consolidated set of
non-redundant viewpoints. A secondary, more flexible regu-
lar expression is then applied to extract these viewpoints. Fi-
nally, redundant prefixes are removed. This hybrid strategy
addresses instances in which the VLM either identifies mul-
tiple viewpoints or introduces a viewpoint and subsequently
revises or elaborates upon it within the same output.

Hierarchical Clustering

Hierarchical clustering organizes semantic elements (tar-
gets, aspects, sentiments, and opinions) into multi-level clus-
ters, enabling fine-grained and comprehensive analysis of
meme corpora. For instance, at the target level, memes
about “COVID-19 vaccines” may form a top-level cluster.
At the aspect level, these memes may be further grouped into
themes such as “vaccine efficacy and effectiveness,” “public
perception,” and “safety profile.” Each aspect cluster may



then be partitioned by sentiment polarity: positive, neutral,
or negative. At the most granular opinion level within each
sentiment cluster, sub-clusters may capture specific orienta-
tions, such as “pandemic-ending”. This hierarchical struc-
ture captures the diversity of viewpoints present in meme
discourse and facilitates valuable insights into thematic and
sentiment trends across the corpus.

The hierarchical clustering of the quadruples comprises
(1) Text Embedding, (2) Cluster Assignment, (3) Member-
ship Validation, (4) Theme Consolidation, and (5) Narrative
Construction. Following the generation of text embeddings
for targets, aspects, and opinions, the targets undergo (2)
Cluster Assignment and (3) Membership Validation. Then,
within each resulting target cluster, aspects are processed
through the full clustering sequence: (2) Cluster Assign-
ment, (3) Membership Validation, and (4) Theme Consoli-
dation. Next, these aspect clusters are simply partitioned by
their categorical sentiment: positive, neutral, and negative.
Subsequently, within each unique (target, aspect, sentiment)
cluster, opinions are clustered using the same full sequence
(Steps 2-4). At the target level, Step 4 is omitted because
targets are open-class and highly variable. Hence, consoli-
dation risks collapsing distinct entities. In contrast, aspects
and opinions occupy a more bounded space and may benefit
from consolidation. The final step is Narrative Construction.

Text Embedding. A high-performance text embedding
model is used to encode the extracted target, aspect, and
opinion phrases into vector representations.

Cluster Assignment. The text embeddings are then
passed to the FINCH algorithm (Sarfraz, Sharma, and
Stiefelhagen 2019), which forms the initial clusters based
on nearest-neighbor principles. FINCH is chosen for two
reasons: it is parameter-free, eliminating the need to prede-
fine the number of clusters, and it is computationally effi-
cient, making it well-suited for clustering high-dimensional
embeddings. While methods such as DBSCAN preclude the
need for a predefined number of clusters, they remain sensi-
tive to hyperparameter tuning and often require substantial
empirical optimization (Huang et al. 2025). In all cases, we
retain the first partition returned by FINCH, as it provides
the most fine-grained and coherent groupings. An LLM is
then used to generate a concise thematic label for each clus-
ter, which yields an initial set of candidate themes.

Membership Validation. At each semantic level (target,
aspect, and opinion), an LLM validates the candidate clus-
ter label against the corresponding original element in the
quadruple. If the candidate fails this validation, the original
pre-clustering text is restored as the label for that instance.
Otherwise, the generated label is retained.

Theme Consolidation. For aspects and opinions, we fur-
ther refine and organize this combined set of retained and
restored labels using a structured grouping and labeling
approach. Drawing inspiration from the topic collapsing
method of PromptMTopic (Prakash et al. 2023) and the
topic merging strategy by Pham et al. (2024), this step con-
solidates synonymous labels, or labels where one clearly
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encompasses others, into cohesive groups using a prompt-
based approach. Each group is assigned a unified label
where appropriate, while labels that cannot be meaning-
fully consolidated remain independent. This resolves seman-
tic overlap, yielding a distinct and non-redundant set of clus-
ter labels at the aspect and opinion levels.

Narrative Construction. Finally, the target, aspect, senti-
ment, and opinion cluster labels are assembled into concise
narrative statements that articulate the viewpoint represented
by each meme cluster. These narratives follow the format:

The meme(s) view {target cluster label} with
a {sentiment} sentiment because its/his/her/their
{aspect cluster label} is/are seen as {opinion cluster

label}.

These narratives enable researchers and analysts to
quickly understand underlying concerns, assess public sen-
timent, and identify emerging trends.

MemeTT’s Models

The MemeTT pipeline uses a combination of VLMs, LLMs,
and an embedding model to achieve multimodal reasoning
and semantic understanding across diverse meme datasets,
and to enable tasks like MABSA and hierarchical clustering.

Vision-Language Models. The VLMs are used in the
Meme Semantic Extraction module to analyze visual and
textual cues from memes. We evaluated several proprietary
and open-source VLMs, selecting a diverse range of mod-
els guided by the OpenCompass Multimodal Leaderboard
benchmark (OpenCompass Contributors 2023).

For proprietary models, Gemini 2.5 Pro (gemini-2.5-
pro-exp-03-25), Gemini 2.0 Flash (gemini-2.0-flash-001),
and Gemini 2.0 Flash Thinking (gemini-2.0-flash-thinking-
exp-01-21) were evaluated (Comanici et al. 2025). Eval-
uated open-weight models include Pixtral Large (pixtral-
large-2411), Mistral Small (mistral-small-2503), Pixtral
Small (pixtral-12b-2409) (Agrawal et al. 2024), LLaMA 4
Maverick (1lama4-maverick-instruct-basic), LLaMA 4 Scout
(llama4-scout-instruct-basic), Qwen2.5 VL 32B (qwen2p5-
vl-32b-instruct) (Bai et al. 2025), QOwen2.5 VL 7B
(Qwen2.5-VL-7B-Instruct) (Bai et al. 2025), InternVL2.5
8B MPO (Wang et al. 2025), and InternVL3 8B (Zhu et al.
2025). The Mistral and Pixtral models were accessed via the
official Mistral Al API, while the larger open-weight mod-
els were served using the Fireworks Al API. The remain-
ing models were deployed offline using publicly available
weights from Hugging Face.

Large Language Models. Two text-only LLMs were se-
lected to support the downstream, text-based stages of the
pipeline. For viewpoint extraction, the deepseek-ri-basic
model was employed due to its strong performance on
the CompassBench LLM Leaderboard (OpenCompass Con-
tributors 2023), particularly in reasoning and instruction-
following tasks. For theme generation, membership valida-
tion, and theme consolidation, the gwen3-235b-a22b (Yang
et al. 2025) model was used. This model offers strong per-
formance comparable to deepseek-r1-basic (Guo et al. 2025)



while providing improved cost-efficiency for high-volume
inference tasks. Both models were served using the Fire-
works Al APL.

Embedding Model. To generate embeddings for targets,
aspects, and opinions, Google’s text-embedding-005 was
used. This model has demonstrated strong performance on
the MTEB benchmark (Muennighoff et al. 2023) and is well-
suited for capturing fine-grained semantic relationships.

Experimental Setup
Datasets

To evaluate the performance and versatility of the MemeTT
pipeline, we applied it to a combined pool of three publicly
available datasets, namely, TDMeme (Prakash, Hee, and Lee
2023), Harm-C (Pramanick et al. 2021a), and Harm-P (Pra-
manick et al. 2021b). These datasets were chosen to en-
sure diversity in topics, allowing for a comprehensive as-
sessment of the pipeline’s capabilities. The Harm-C dataset
contains 3,544 memes related to the COVID-19 pandemic,
providing a challenging testbed for analyzing memes with
sensitive and potentially controversial content. The Harm-P
dataset focuses on U.S. political discourse, comprising 3,470
memes that reflect diverse opinions and sentiments during
politically charged events. The TDMeme dataset comprises
1,876 Singapore-related memes, particularly those associ-
ated with Singapore’s Total Defence strategy.

In the experiments, the three datasets were combined into
a single corpus comprising 8,890 memes. This configura-
tion presents a more challenging setting, designed to evalu-
ate the pipeline’s ability to extract meaningful clusters from
a diverse and heterogeneous collection. Ideally, the clusters
should exhibit strong separation, with the majority of memes
within each cluster expressing the same viewpoint.

Implementation Details

All experiments were conducted on Lightning Al Studio.
Hardware specifications, computation time, token usage,
and model-specific settings are provided in Appendix E.
Inference settings were standardized where possible, with
a temperature of 0, a fop-K of 1, and a random seed of
42. While a maximum token limit of 8,192 was used for
MABSA, higher token limits were used to allow for more
reasoning tokens in other tasks, namely, 16,384 for cluster-
ing, 32,768 for LLM-Judge evaluations in RQ1, RQ3, and
RQ4, as well as for viewpoint extraction from VLM outputs,
and 128,000 for RQ2 to enable reasoning over entire clus-
ters of meme images. For MABSA, invalid outputs, such as
cases in which no viewpoint was identified because the out-
put degenerated into repetitive text, were handled using a
fallback configuration with a temperature of 1 and, where
supported, a fop-K of 40. Such cases were rare. For cluster-
ing, the initial decoding configuration used a temperature of
0 and a fop-K of 1. If generation did not terminate normally,
the same fallback configuration was applied.

Evaluation Overview

The absence of ground-truth semantic quadruples in the
datasets makes automated evaluation methods infeasible for
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this study. As a result, human and LLM-as-a-Judge (LLM-
Judge) evaluations were carried out to assess the quality of
semantic quadruples generated by the MemeTT pipeline.

Human Evaluation. English-speaking participants were
screened for familiarity with the main topics represented in
the datasets, including U.S. politics, COVID-19, and Singa-
porean culture and Total Defence. Owing to the impractical-
ity of recruiting human evaluators well-versed in all three
domains, the human evaluation samples were made domain-
specific, and vetted evaluators were assigned strictly to the
data segments matching their verified domain familiarity.
A preliminary screening test, consisting of multiple-choice
questions on these topics, was administered to ensure a base-
line level of topical understanding. To align evaluators with
task expectations, trial runs were conducted prior to the main
evaluation. Control questions were also embedded in the
main evaluation to ensure reliability. To prevent trivializing
the tasks, samples with duplicate memes were manually re-
placed. This cleaned evaluation set is available in our repos-
itory. Nine participants completed the evaluation for RQ1,
nine completed RQ3, and eight completed RQ4.

LLM-as-a-Judge Evaluation. For the LLM-Judge eval-
uation, GPT-5 mini (gpt-5-mini-2025-08-07) was used be-
cause of its competitiveness on the OpenCompass Multi-
modal Leaderboard. To ensure robustness against potential
response instability in GPT-5 mini, whose temperature is
fixed at 1, we repeated the LLM-Judge evaluations five times
for RQ1, RQ3, and RQ4, and three times for RQ2 to manage
the evaluation cost of the numerous baselines involved.

Research Questions

To assess the effectiveness of the pipeline in forming distinct
clusters and generating meaningful narratives, we formulate
and evaluate four research questions (RQs):

* RQ1: Does the MABSA quadruple accurately capture the
intended message of a meme?

* RQ2: Does MemeTT’s hierarchical clustering produce
more homogeneous clusters than simple clustering?

* RQ3: Do the clusters demonstrate strong intra-cluster
quality, with the narratives accurately capturing the
shared semantic elements of most memes within them?

* RQ4: Are the clusters clearly distinct and easily differ-
entiable from one another (inter-cluster quality)?

Experiments and Results
RQ1. Meme Aspect-Based Sentiment Analysis

Experiment Design. The accuracy of each MABSA ele-
ment (target, aspect, opinion, and sentiment) was evaluated
against the intended message of each meme. From each orig-
inal dataset, 100 unique memes were randomly sampled, to-
gether with their corresponding quadruples previously gen-
erated by the 12 VLMs. When a VLM generated multiple
quadruples for a meme, one quadruple was randomly se-
lected for evaluation. This yielded an evaluation pool of
1,200 quadruples per dataset. To mitigate positional bias, the
order of the quadruples was shuffled prior to evaluation.



Target Aspect Opinion Sentiment
Model Human LLM-Judge Human LLM-Judge Human LLM-Judge Human LLM-Judge
Harm-C
- Gemini 2.5 Pro 85/63 99 /99 83/56 97 /94 78 /46 94789 71/38 771768
- Gemini 2.0 Flash Thinking  89/71 100/99 81/54 99 /98 74 /43 94 /85 72/39 85/76
- Gemini 2.0 Flash 85/58 100/97 69 /45 97/90 65/35 89 /75 63 /33 83768
- LLaMA 4 Maverick 84 /63 95795 731743 94 /91 62/34 89 /81 62/32 87177
- LLaMA 4 Scout 84 /57 971792 74740 92/82 64 /28 84/72 62/27 78 /68
- Pixtral Large 70/39 93/89 59/27 89/82 52/22 83/73 44 /19 67/59
- Mistral Small 75156 92 /88 60/43 80/73 52/32 67/56 52/32 62/52
- Pixtral Small 74748 92 /91 55733 791776 46 /27 66 /62 44 /26 61/52
- Qwen2.5 VL 32B 77150 100/97 62/35 96/92 52/25 87/76 49/23 81/68
-Qwen2.5 VL 7B 74146 98 /96 531725 90/ 83 40/ 15 70/ 62 38/15 551743
- InternVL3 8B 89/54 99 /95 65/31 96/ 86 50/20 79765 47/19 75760
- InternVL2.5 8B MPO 77152 98 /96 62 /35 94 /87 51727 75162 38/22 52/42
Harm-P
- Gemini 2.5 Pro 88/71 100/ 100 80 /56 100/99 78 /47 971795 721745 88/85
- Gemini 2.0 Flash Thinking  87/71 98 /97 781755 971795 721745 95/91 68 /43 90/ 82
- Gemini 2.0 Flash 86/71 98 /98 80 /56 96 /94 75145 92/87 73/40 90/83
- LLaMA 4 Maverick 80/57 97 /94 70/39 95785 64/34 92/81 64/33 90/76
- LLaMA 4 Scout 80/62 99 /99 71/34 94 /89 67/27 83/77 63/27 79173
- Pixtral Large 761757 95793 69 /42 86 /83 56/37 81/74 54736 72/ 66
- Mistral Small 85/64 92/90 77146 87171 69 /35 78168 65/31 74165
- Pixtral Small 70/ 45 92/90 58732 85781 50/25 75167 49/25 69 /58
- Qwen2.5 VL 32B 75156 97196 64 /38 871785 571733 7817173 541732 711765
-Qwen2.5 VL 7B 68 /53 93/89 51/29 79/172 43/15 67 /60 42715 59/54
- InternVL3 8B 73751 971794 59/29 83/75 46/20 73759 451719 66/52
- InternVL2.5 8B MPO 76/ 61 98 /96 59/32 93 /88 51/22 78 /65 43/20 60/48
TDMeme
- Gemini 2.5 Pro 89/67 100/ 100 80/55 99 /98 75749 97 /94 69 /40 73769
- Gemini 2.0 Flash Thinking  78/48 97197 61/31 95/94 49/25 91/88 44 /21 82/76
- Gemini 2.0 Flash 711745 99 /96 571729 99 /90 48/22 90/ 81 44 /19 85/74
- LLaMA 4 Maverick 671741 98 /95 4917127 92/87 39/22 85/79 33/20 7817171
- LLaMA 4 Scout 53/24 95795 38/11 90/ 86 28 /10 84 /74 25/10 78/ 64
- Pixtral Large 53/30 96 /91 36/19 91/82 31/14 81/71 20/ 9 571746
- Mistral Small 49/27 94 /88 35/16 81/72 28/ 14 70/ 63 26/ 10 62 /54
- Pixtral Small 47125 91/86 30/ 14 80/74 23/10 66 /56 18/ 7 53745
- Qwen2.5 VL 32B 54 /24 97795 39/15 94 /88 30/11 89 /74 20/ 10 741761
-Qwen2.5 VL 7B 46/22 90/ 88 257 9 80/71 16/ 5 60/50 12/ 5 491737
- InternVL3 8B 45/23 93 /88 29/ 8 84 /71 22/ 4 68 /58 16/ 3 60 /48
- InternVL2.5 8B MPO 451719 91/88 27/ 8 81/79 18/ 6 62/53 17/ 6 48 /43

Table 1: MABSA results based on 100 sampled memes per dataset. Human = Number of instances that human evaluators judged
to be accurate (majority / unanimous vote). LLM-Judge = Number of instances that GPT-5 mini judged to be accurate (majority
/unanimous vote). The best and second-best human evaluation results are indicated in bold and underlined, respectively.

For human evaluation, annotators reviewed the semantic
elements of each quadruple sequentially, beginning with the
target, followed by the aspect, opinion, and sentiment. The
evaluation process was terminated when annotators encoun-
tered the first incorrect semantic element in the sequence, to
reduce unnecessary cognitive load. Annotators were encour-
aged to consult external sources to clarify unfamiliar terms
or verify the identities of individuals depicted in the memes.
For the LLM-Judge approach, each quadruple was assessed
in the same sequential manner.

Experiment Results. Table 1 reports accuracy scores for
human evaluators (three evaluators per dataset) and the
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LLM-Judge (five evaluation runs), based on both majority
and unanimous agreement. Overall, Gemini 2.5 Pro emerges
as the best-performing model for MABSA generation. Un-
der human evaluation, it outperforms most other models,
achieving the highest accuracy in nine out of twelve cases
(i.e., four MABSA elements evaluated across three datasets)
under both voting conditions. The LLM-Judge results reveal
a similar pattern, with Gemini 2.5 Pro ranking at or near the
top for target, aspect, and opinion. However, it exhibits a no-
ticeable decline in the LLM-Judge rankings for sentiment on
the Harm-C and TDMeme datasets. In addition, both evalu-
ation methods reveal a consistent downward trend in perfor-
mance across semantic levels. Models show increased dif-



Macro- Micro-

Clustering Num.C  Purity  Purity
Text Embedding

text-embedding-005 (F) 1701 .680 537

text-embedding-005 K .648 543

embed-v4.0 (F) 1604 .682 .508

embed-v4.0 (K) 661 510
Multimodal Embedding

voyage-multimodal-3 (F) 1736 .632 522

voyage-multimodal-3 (K)' .618 522

embed-v4.0 (F) 1676 .644 .506

embed-v4.0 (K)* .627 514
Viewpoint Embedding

text-embedding-005 (F)* 2484 742 .644

text-embedding-005 (K)* 747 645
MemeTT

Gemini 2.5 Pro (F)f 5810 .828 750

Table 2: Cluster homogeneity evaluation (mean of three
LLM-Judge runs). Num. C = the number of clusters. F
= FINCH. K = K-means. The dagger sign ({) indicates
approaches that yielded singleton clusters, each contribut-
ing purity 1. Embedding dimensionalities: Google’s text-
embedding-005 (d 768), Cohere’s embed-v4.0 (d
1,536), Voyage Al’s voyage-multimodal-3 (d = 1, 024).

ficulty in accurately identifying lower-level elements such
as aspects, opinions, and sentiments, particularly in the TD-
Meme dataset.

Discussion. Although both human and LLM-Judge eval-
uations exhibit a similar downward trend in performance
as granularity increases, the LLM-Judge tends to assess
quadruple elements more leniently than human evaluators.
For example, on Harm-P, InternVL3 8B received sentiment
accuracy scores of 66 and 52 from the LLM-Judge under
majority and unanimous agreement, compared with only 45
and 19 from human evaluators under the same conditions.
This highlights a clear gap between human and LLM as-
sessments (see Appendix D for case studies), pointing to a
limitation of the LLM-Judge approach and demonstrating
the importance of human involvement for a more compre-
hensive evaluation. Further analysis suggests that the diver-
gence may be due to inconsistencies in the LLM-Judge as-
sessments. In some cases, different VLMs inferred conflict-
ing opinions or sentiments toward the same target and aspect
within a single meme, yet the LLM-Judge considered both
interpretations accurate.

RQ2. Hierarchical Clustering

Experiment Design. To evaluate whether MemeTT pro-
duces homogeneous clusters, we compared its opinion-level
clusters, derived from quadruples generated by Gemini 2.5
Pro (the best-performing MABSA model), with those of ten
baseline approaches, using an LLM-Judge. By homogene-
ity, we mean that the memes in a cluster share the same
viewpoint, not merely a topic, because topic-level clusters
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conflate opposing stances and rationales. For a cluster with
n unique memes, the judge was shown only the meme im-
ages and asked to return the size of the largest subset that
shared the same viewpoint, denoted by m € {1,...,n},
with m = 1 when no two memes matched. Drawing on the
concept of cluster purity used in large-scale document clus-
tering (Nayak et al. 2010), but adapted to our setting, which
lacks ground-truth categories, we define cluster purity as
m/n and aggregate across K clusters. We calculate micro-

purity (Zfil m;/ ZZK:l n;) as a weighted average across

all cluster assignments, and macro-purity (& 3215 m; /n;)
as an unweighted average over the K clusters produced. Sin-
gleton clusters were assigned a purity of 1.

Baselines. Three types of baselines were considered,
yielding ten baselines in total: (1) clustering using meme text
only (text embeddings), (2) clustering using multimodal em-
beddings, and (3) clustering using text embeddings of view-
points generated by Gemini 2.5 Pro. The first two baseline
types were naive approaches that did not perform interme-
diate processing such as MABSA, whereas the third was an
ablation of MemeTT that evaluated the effect of removing
hierarchical clustering while retaining MABSA-based rep-
resentations. The meme-text baselines operated on text ex-
tracted using the Google Cloud Vision API®. Memes with no
detectable text were excluded, resulting in 8,882 memes for
these baselines, compared with 8,890 in the full corpus used
when multimodal embeddings were involved. For MemeTT
and the baselines using text embeddings of viewpoints gen-
erated by Gemini 2.5 Pro, clustering operated on the 12,242
generated viewpoints*, as a single meme could yield mul-
tiple viewpoints. We evaluated different embedding mod-
els and clustering algorithms, as shown in Table 2. For all
FINCH-based baselines, we used the first partition, as in
MemeTT. For all K-means-based baselines, we set the num-
ber of clusters equal to that returned by the corresponding
FINCH run.

Experiment Results. As reported in Table 2, MemeTT
achieves the strongest clustering quality, with a mean macro-
purity of 0.828 and mean micro-purity of 0.750 across 5,810
clusters. Compared with the strongest baseline (viewpoint-
embedding K-means clustering: 0.747 macro / 0.645 mi-
cro across 2,484 clusters), MemeTT improves mean macro-
purity by 0.081 and mean micro-purity by 0.105. As a
robustness check, we also report purity scores excluding
singleton clusters for MemeTT and viewpoint-embedding
FINCH clustering, the two best-performing approaches
among those that contain singletons. Under this stricter con-
dition, MemeTT achieves a mean macro-purity of 0.698 and
mean micro-purity of 0.685, ranking second in macro-purity
and first in micro-purity. The strongest baseline under the
same exclusion, viewpoint-embedding (FINCH), achieves

3https://docs.cloud.google.com/vision/docs/ocr

*We identified, post-acceptance, a case-normalization bug that
affected the clustering of 5.66% (693 of 12,242) of the quadru-
ples/viewpoints in MemeTT. We recalculated all evaluation met-
rics after excluding the affected narratives. The overall conclusions
remained unchanged. See Appendix I for recalculations.



0.718 macro / 0.637 micro. We note that excluding single-
tons penalizes methods that produce more singleton clusters.
Specifically, MemeTT has 2,501 singleton clusters, com-
pared with 636 for viewpoint-embedding (K-means) and
141-215 for the remaining baselines with singletons. In
practice, genuinely unique viewpoints are likely common
and operationally important. Assigning singletons a purity
score of 1 therefore remains more appropriate.

Discussion. We note that the baselines in Table 2 differ
not only in clustering algorithm but also in input representa-
tion. Text and multimodal baselines cluster memes directly
from their embeddings, whereas viewpoint-embedding clus-
tering and MemeTT derive clusters from MABSA outputs.
Moreover, because MABSA can extract multiple viewpoints
from a single meme, a meme that praises one subject while
denouncing another may appear in more than one cluster in
MemeTT and in the viewpoint-embedding baselines. The
text and multimodal baselines, however, assign each meme
to exactly one cluster, losing information. Accordingly, the
results should be interpreted as comparing the purity of the
final meme groupings produced by each method.

The higher number of clusters is a direct result of the
method’s hierarchical approach, which organizes MABSA
elements by targets, aspects, sentiments, and opinions. This
structure produces many small, precise leaf clusters while
preserving large aggregates at upper levels, making triage
more practical. Analysts can first prioritize high-volume
targets, then drill into key aspects and sentiments, and fi-
nally inspect specific opinions. Flat baselines simply cluster
memes in a single pass. Their largest clusters contain fewer
than 80 items, while MemeTT’s largest target-level cluster
contains nearly a thousand memes, allowing clearer prioriti-
zation before fine-grained review.

RQ3. Intra-Cluster Quality

Experiment Design. We evaluated intra- and inter-cluster
quality on clusters derived from quadruples generated by
Gemini 2.5 Pro, which was selected for its strong perfor-
mance in the MABSA task. Intra-cluster quality was evalu-
ated by human annotators and the LLM-Judge, who assessed
narrative coherence and the relevance of the narratives to
the memes in each cluster. To ensure manageability, we ran-
domly sampled clusters of three to five memes.

We drew the evaluation set from clusters whose memes
all originated from the same source dataset for two reasons.
First, it was difficult to recruit annotators with sufficient do-
main knowledge covering diverse topics, such as U.S. poli-
tics and Singapore’s Total Defence. Second, approximately
80% of the quadruples were already grouped into such
single-source clusters. Evaluators assessed both narrative
coherence and relevance to the quadruple elements reflected
in each cluster’s memes. Narrative coherence was rated on
a four-point Likert scale. To assess relevance, annotators
performed a sequential evaluation. They first counted the
memes for which the narrative captured the target. Within
that subset, they counted the memes for which it also cap-
tured the aspect. Within that subset, they counted those for
which it captured the opinion and sentiment.
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I Coherence
|C|] N H Hum. LLM-J Agrn, Agrmn ACl, ACly
Harm-C
3 50 3.69 3.90 24 24 576 .655
4 50| 3.71 3.86 18 17 .524 .596
5 22 3.77 3.90 10 10 .622 714
Harm-P
3 501 3.92 3.95 40 39 .853 .878
4 50| 3.93 397 42 42 .889 910
5 41| 3.93 3.99 35 35 .899 921
TDMeme
3 50| 3.63 397 16 16 441 .546
4 39 3.66 3.93 14 13 .500 577
5 15| 3.67 391 5 5 530 .566

Table 3: Cluster narrative coherence evaluation (LLM-Judge
values are means of 5 runs). |C| = Number of memes in
cluster. N = Number of clusters assessed. Hum. = Average
human score. LLM-J = GPT-5 mini (average score). Agry,
= The number of instances in which all human annotators
independently assigned the maximum score of 4. Agry; =
The number of instances in which all human annotators and
the LLM-Judge (majority vote of 5 runs) independently as-
signed the maximum score of 4. AC1;, = Gwet’s ACI1 be-
tween human evaluators. ACl;; = Gwet’s AC1 treating the
majority vote of the LLM-Judge as an additional evaluator.

Experiment Results. Tables 3 and 4 present the results
of the human evaluation (three evaluators per dataset) and
the LLM-Judge (five evaluation runs) for narrative coher-
ence and the relevance of the narratives to the memes within
their corresponding clusters, respectively. Across datasets
and cluster sizes, the average coherence scores assigned by
human evaluators were consistently close to the maximum
score of 4. This suggests that the target, aspect, and opin-
ion cluster labels are well-aligned with one another and
that the resulting narratives are fluent and coherent. Inter-
annotator agreement for coherence, measured using Gwet’s
ACl, is also reported in Table 3. We used Gwet’s AC1 in-
stead of Krippendorff’s alpha because it is more robust to
class imbalance, a prevalent issue in our case, since most
ratings skewed toward 4. If no strict majority was obtained
across the five LLM-Judge runs, the LLM-Judge’s rating for
that sample was treated as missing in the agreement calcu-
lation. The AC1 scores indicate moderate to strong agree-
ment among human evaluators, with Harm-P achieving the
highest values (AC1}, = 0.853-0.899), followed by Harm-C
(0.524-0.622) and TDMeme (0.441-0.530). Including the
majority vote of the LLM-Judge as a fourth evaluator con-
sistently increases agreement (AC1; > ACly, in all cases),
suggesting that the LLM-Judge is broadly aligned with the
human evaluations. For relevance, the sequential evaluation
design, where the number of memes counted at the aspect
level depends on an annotator’s own target-level count and
their count at the opinion-sentiment level depends on their



I Target | Aspect | Opinion-Sentiment
IC| N || Hum. LLM-J Agrn Agrn | Hum. LLM-J Agrn, Agrm | Hum. LLM-J Agrn  Agrw
Harm-C
3 50 2.81 2.85 34 32 2.53 2.68 20 17 2.28 2.16 11 7
4 50 3.64 3.81 29 28 3.39 3.64 21 19 3.09 3.10 16 11
5 22 4.48 4.75 12 12 4.05 4.53 6 6 3.58 3.85 3 2
Harm-P
3 50 2.84 2.87 41 41 2.48 2.49 22 18 2.41 2.06 21 13
4 50 3.79 3.74 36 33 3.57 3.22 21 15 343 2.56 16 6
5 41 4.78 4.78 24 24 4.39 4.28 12 11 4.14 3.73 11 10
TDMeme
3 50 2.63 2.68 22 20 2.10 2.17 5 4 1.80 1.85 2 2
4 39 3.62 3.67 21 21 2.89 3.18 3 3 2.34 2.61 0 0
5 15 4.42 4.60 7 6 3.33 3.57 0 0 2.71 2.51 0 0

Table 4: Relevance of cluster narratives to the quadruple elements reflected in each cluster’s memes (LLM-Judge values are
means of 5 runs). |C'| = Number of memes in cluster. N = Number of clusters assessed. Hum. = Average human score. LLM-J
= GPT-5 mini (average score). Agr, = The number of instances in which all human annotators independently assigned the

maximum score of |C
5 runs) independently assigned the maximum score of |C/.

aspect-level count, makes standard inter-annotator agree-
ment measures ill-defined at these finer-grained levels.

The relevance scores for each semantic element further
indicate that the narratives accurately reflect the majority of
memes in each cluster with respect to their targets, aspects,
opinions, and sentiments. Narrative relevance is strongest
at the target and aspect levels, with a consistent decline at
the opinion-sentiment level. This pattern holds across all
datasets and cluster sizes, with the weakest performance on
the opinion-sentiment level in the TDMeme dataset, where
the number of instances in which all human annotators in-
dependently assigned the maximum score, Agry,, drops to
0 for |C| > 4. While human evaluators assessed narrative
relevance by counting matching memes within a cluster, the
LLM-Judge evaluated relevance by assessing one narrative
against one meme at a time using the same sequential logic.
The LLM-Judge results corroborate these findings, indicat-
ing high coherence and reasonable relevance overall, with
the same relative weakness at the opinion-sentiment level.

Discussion. The average coherence and relevance scores
across datasets and cluster sizes indicate that the targets, as-
pects, and opinions in the narratives fit well together, and
that the narratives reflect the salient ideas of most of their
constituent memes. TDMeme’s weaker relevance perfor-
mance is expected given its Singapore-specific, niche con-
tent, which is likely underrepresented in pretraining cor-
pora. This interpretation aligns with our RQ1 results, as we
observed a performance decline across semantic levels in
both human and LLM-Judge evaluations, with the most pro-
nounced degradation on TDMeme.

RQ4. Inter-Cluster Quality

Experiment Design. Cluster distinctiveness was evalu-
ated by presenting human annotators and an LLM-Judge
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, Agrp; = The number of instances in which all human annotators and the LLM-Judge (majority vote of

Dataset Trg. Asp. Snt. Human LLM-Judge on o
X X X 96.67% 96.67% .831 .855
Harm-C v X X 70.00% 70.00% .620 .549
v v X 6333% 63.33% 333 .348
v v v 4333% 30.00% 345 322
X X X 93.33% 86.67% 967 .925
Harm-P v X X 66.67% 80.00% 494 574
v v X  56.67% 83.33% .389 .398
v v v 44.83% 65.52% 368 .377
X X X 93.33% 96.67% 718 750
TDMeme'/ X X 50.00% 63.33% 298 .392
v v X 37.04% 51.85% 447 424
v v v 4333% 70.00% S17 443
Table 5: Inter-cluster quality experiment results. Trg. = Tar-

get. Asp. = Aspect. Snt. = Sentiment. Human = Human (ma-
jority vote). LLM-Judge = GPT-5 mini (majority vote). a
= Krippendorff’s Alpha between human evaluators. o,
Krippendorff’s Alpha treating the majority vote of the LLM-
Judge as an additional evaluator.

with a narrative and three memes, two drawn from the same
opinion-level cluster and one from a different cluster. The
evaluators were tasked with identifying the meme that was
least aligned with the narrative. For human evaluation, we
used three annotators per dataset, and a cluster was consid-
ered differentiable if at least two annotators correctly se-
lected the meme originating from a different cluster. For
the LLM-Judge, we ran the evaluation five times per sam-
ple and used the majority-vote prediction as the final label.
For agreement analysis, this majority-vote LLM-Judge label
was treated as an additional evaluator alongside the three hu-
man annotators. If no strict majority was obtained, the LLM-
Judge’s rating was counted as incorrect for accuracy and as



missing in the agreement calculation. This evaluation was
carried out under four increasingly difficult scenarios: (1)
the most difficult setting, where the memes shared the same
target, aspect, and sentiment clusters but differed in opinion;
(2) a highly difficult setting, where the memes shared the
same target and aspect but differed in sentiment; (3) a mod-
erate setting, where the memes shared the same target but
differed in aspect; and (4) the least difficult setting, where
the memes originated from entirely different target clusters.

For each dataset and difficulty setting, we sampled 30
clusters and drew two memes per cluster exclusively from
that dataset. In nearly all sampled clusters, that dataset was
the majority source. To preserve both the integrity and the
difficulty of the evaluation, the third meme, drawn from a
different cluster, was also selected from the same dataset
while satisfying the specific conditions of the evaluation sce-
nario. Three TDMeme samples from Setting 2 (highly diffi-
cult) and one Harm-P sample from Setting 1 (most difficult)
were removed from the evaluation pool after we identified a
sampling bug that caused all three memes in each of these
samples to originate from the same cluster. As a result, Set-
ting 2 for TDMeme includes 27 samples and Setting 1 for
Harm-P includes 29 samples, rather than 30.

Results. Table 5 reports the accuracy of identifying im-
poster memes across clusters under varying levels of dif-
ficulty, alongside Krippendorff’s alpha scores measuring
inter-evaluator agreement. Both human and LLM-Judge
evaluation results indicate that distinguishing imposter
memes becomes increasingly difficult when clusters share
overlapping semantic dimensions, such as targets and as-
pects. At the target level, separation is straightforward.
When the imposter meme differs in its target, accuracies for
human evaluators and the LLM-Judge are at least 93.33%
and 86.67%, respectively, with high agreement. At the opin-
ion level, where the task is to distinguish memes that share
the same target, aspect, and sentiment but differ only in opin-
ion, accuracies decline to as low as 43.33% and 30.00%
for human evaluators and the LLM-Judge, respectively, with
agreement declining to the 0.3 range for Harm-C and Harm-
P.

Discussion. These patterns suggest that MemeTT pro-
duces well-separated clusters at a coarse granularity, but sep-
arability weakens when narratives share similar semantic el-
ements of the target and aspect, leaving only finer cues, such
as sentiment and opinion, to distinguish clusters. This trend
may reflect the comparatively lower extraction accuracy of
these underlying semantic elements at finer-grained levels,
as observed in RQ1.

Conclusion

In this work, we presented MemeTT, the first framework,
to the best of our knowledge, that integrates VLMs, LLMs,
and MABSA to hierarchically cluster memes based on their
targets, aspects, sentiments, and opinions. Our human eval-
uation experiments demonstrated that the best-performing
models excelled at identifying high-level semantic elements,
such as targets and aspects, but were challenged when infer-
ring lower-level elements, such as opinions and sentiments.
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The evaluation of the clusters revealed that they were homo-
geneous and that the narratives were relevant to the major-
ity of their constituent memes, although there remains room
for improvement in the distinctiveness of the clusters at the
lower sentiment and opinion levels. This could be overcome
as techniques in MABSA improve and with the curation of
a gold-standard MABSA dataset for memes, which, to the
best of our knowledge, is currently non-existent.
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1. For most authors...
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ence without violating social contracts, such as vi-
olating privacy norms, perpetuating unfair profiling,
exacerbating the socio-economic divide, or imply-
ing disrespect to societies or cultures? Yes, the pa-
per advances automatic sentiment analysis of exist-
ing vision-language memes widespread on the Inter-
net, which does not violate any social contracts.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes. They are well-defined in the Abstract and Intro-
duction.

(c) Do you clarify how the proposed methodological
approach is appropriate for the claims made? Yes.
They are defined in the introductory paragraph after
Methodology.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes.
They are described under the “Datasets” in the “Ex-
perimental Setup” section.

(e) Did you describe the limitations of your work? Yes,
please refer to the “Appendix A - Limitations”.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes. Refer to “Appendix B - Ethics
Statement” section.

(g) Did you discuss any potential misuse of your work?
Yes. Refer to “Appendix B - Ethics Statement” section.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, we used greedy decoding to en-
sure reproducibility and provided the prompts in Ap-
pendix F.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? N/A

(b) Have you provided justifications for all theoretical re-
sults? N/A

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? N/A

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? N/A

(e) Did you address potential biases or limitations in your
theoretical framework? N/A

(f) Have you related your theoretical results to the existing
literature in social science? N/A

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? N/A

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? N/A

(b) Did you include complete proofs of all theoretical re-
sults? N/A

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes.
The code, data and instructions are submitted as sup-
plemental materials. We will upload to GitHub upon
acceptance.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes. These
details can be found under the “Experimental Setup”
section.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
N/A. We did not train any model, and we used greedy
decoding for LLM inference for reproducibility.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes. Refer to “Appendix E
- Computational Cost and Settings” section.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes. Refer
to “Experiments and Results” section.

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes. Refer to “Appendix B -
Ethics Statement” section.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
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(b) Did you mention the license of the assets? N/A. We
are using open-source dataset assets permitted for re-
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N/A.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes. This information was conveyed
to the human evaluators prior to the engagement.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
N/A

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? N/A

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...



(a) Did you include the full text of instructions given to
participants and screenshots? Yes. Refer to “Appendix
G - Evaluation Instructions”

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? No. The human participants does not have
prolonged exposure and are evaluating real-world
memes objectively. Additionally, we did not collect
any sensitive human data.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes. Refer to “Appendix H - Partici-
pant Compensation”

(d) Did you discuss how data is stored, shared, and dei-
dentified? N/A.

Appendices
Appendix A - Limitations

Prompts Design. The experiments were conducted using
a fixed set of prompts. This approach may raise questions
about the sensitivity of the results to variations in prompts.
However, the number of possible prompt variations is limit-
less, and analyzing the sensitivity of the results to different
prompts would require additional human evaluations, which
would increase both costs and time. The primary focus of
this study is to demonstrate the utility of our framework
on datasets with diverse themes, which has been effectively
demonstrated. We leave the question of prompt optimality
open, framing it as a prompt engineering challenge for fu-
ture exploration.

Appendix B - Ethics Statement

Given that our work centers on meme corpora understand-
ing rather than meme generation, it is unlikely to be ex-
ploited by malicious users. While extant public fears and
sensitivities may be revealed by such analyses, if any, it is
unlikely that they can be used by malicious users for tar-
geted nefarious purposes. We do not anticipate significant
negative societal impacts resulting from our work. On the
contrary, it has the potential to provide decision-makers with
a deeper and more nuanced understanding of public sen-
timent. This understanding can facilitate addressing pub-
lic concerns and improving services. Nonetheless, there re-
mains a need to improve the performance of the pipeline
further before real-world deployment. If our pipeline fails to
detect narratives of grievances, it risks overlooking critical
concerns, which could undermine trust and result in dissat-
isfaction. Conversely, if the pipeline exaggerates or misrep-
resents concerns, it could result in the unnecessary allocation
of resources by decision-makers to address non-existent is-
sues.
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Appendix C - Visual Representation of the MemeTT Pipeline
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Figure 1: Visual representation of the MemeTT pipeline, illustrating the workflow from left to right.

Appendix D - Case Studies

Memes

Quadruples

Human Eval. LLM-Judge

e 1 s

A thread with a few real thoughts and observations on

Target: the practice of working from home
Aspect: associated productivity or genuineness
Opinion: questionable or potentially feigned
Sentiment: negative

Man on deathbed takes care to ensure
last words are “wgt ord lo”
News - 29 May 202

Memedef

Target: misspelled internet slang as last words
Aspect: use

Opinion: absurdly trivializing

Sentiment: negative

WE ARE NOT
"EAT TORU™
SCARED YET.

“THAT WHOLE CORONAVIRUS
THING WAS OVERHYPED. |
DIDN'T EVEN DIET"

Target: the widespread aversion to tofu
Aspect: extremity during panic buying
Opinion: humorous

Sentiment: neutral

Table 6: Case studies of agreement and disagreement comparing unanimous human evaluations versus unanimous LLM-Judge

runs.
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Observing that the LLM-Judge may be overly optimistic with respect to the accuracies of inferred semantic elements, we
examined cases of disagreement. Our observations revealed that instances in which the LLM-Judge aligned with human evalu-
ators often involved scenarios requiring general world knowledge rather than niche cultural understanding. Examples included
widely relatable circumstances, such as the productivity of working from home during the COVID-19 pandemic (Table 6a)
and panic-buying during COVID-19 (Table 6¢). On the other hand, the LLM-Judge incorrectly assessed semantic elements as
accurate when presented with memes featuring multi-layered jokes, specialized intertextual or inter-pictorial references, or al-
lusions to non-Western culture. For example, it deemed a semantic quadruple correct (Table 6b) because it failed to understand
the acronym “wgt ord 10” as “where got time Operationally Ready Date lo” (a catchphrase used by those who have completed
their two-year service term to tease those who have not), instead interpreting it as misspelled internet slang.

Appendix E - Computational Cost and Settings

Model

Parameters

Input Tokens

Output Tokens

Input Cost

Output Cost

gemini-2.5-pro-exp-03-25

gemini-2.0-flash-thinking-exp-01-21

gemini-2.0-flash-001

llama4-maverick-instruct-basic

Ilama4-scout-instruct-basic

pixtral-large-2411

mistral-small-2503

pixtral-12b-2409

qwen2p5-vl-32b-instruct

deepseek-r1-basic

qwen3-235b-a22b

max_output_tokens=8192
seed=42

temperature=0

top_k=1

safety settings off
max_output_tokens=8192
seed=42

temperature=0

top_k=1

safety settings off
max_output_tokens=8192
seed=42

temperature=0

top_k=1

safety settings off
max_output_tokens=8192
temperature=0

top k=1
max_output_tokens=8192
temperature=0

top k=1
max_tokens=8192
temperature=0
random_seed=42
max_tokens=8192
temperature=0
random_seed=42
max_tokens=8192
temperature=0
random_seed=42
max_output_tokens=8192
temperature=0

top k=1
max_output_tokens=32768
temperature=0

top_k=1
max_output_tokens=16384
temperature=0

top_k=1

21.77TM

21.79M

21.76M

27.63M

27.64M

28.50M

20.00M

26.26M

19.37TM

5.58M

4.53M

24.11M

8.93M

5.51IM

5.60M

6.37TM

8.6TM

8.35M

6.73M

12.06M

247

16.77M

FREE

FREE

0.15

0.22

0.15

2.00

0.10

0.15

0.90

0.55

0.22

FREE

FREE

0.60

0.88

0.60

6.00

0.30

0.15

0.90

2.19

0.88

Table 7: Model pricing and token usage. The token counts indicated for deepseek-rl-basic cover only the extraction of non-
redundant viewpoints from outputs in the meme semantic extraction step for gemini-2.5-pro-exp-03-25. The token counts
indicated for qwen3-235b-a22b cover only the clustering process using MABSA elements inferred by gemini-2.5-pro-exp-03-

25.

Appendix F - Prompts
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Process Machine t (hours)

Meme Semantic Extraction (InternVL2.5 8B MPO) L40S 26.81
Meme Semantic Extraction (InternVL3 8B) L40S 35.18
Meme Semantic Extraction (Qwen2.5 VL 7B) L40S 44.22

Table 8: Computational costs of running experiments on Lightning AI Studio. Process = Step in the pipeline. Machine =
Lightning Al machine used. t = time taken. As many steps in the pipeline are trivial in terms of time taken, we only include the
ones that necessitated using GPUs.

MABSA (SYSTEM PROMPT)

[PURPOSE] :
System prompt to strictly enforce the constraints of Step 2a/4/6 when performing MABSA.

[PROMPT]:
Strictly and rigorously enforce, without exception, all the mandatory constraints of Step
2a (especially strictly enclosing the name of the image-text relationship type classified
in HTML <i></i> tags), Step 4 (especially strictly enclosing the name of each humor
technique present in the meme in HTML <b></b> tags), and Step 6 (especially strictly
stating viewpoints in the format of "The meme views {target noun or noun phrase} with a {
sentiment} sentiment because its/his/her/their {aspect noun or noun phrase} is/are seen as
{opinion adjective or adjective phrase}." and with the sentiment being strictly either "
positive," or "neutral," or "negative."). Most importantly, firmly limit the number of
generated viewpoints to those that are truly accurate and central to the meme.

[REMARKS] :

MABSA (USER PROMPT PREFIX)

[PURPOSE]:

To provide identities (names) derived from Amazon Rekognition and associated descriptions
of these identities derived from Wikidata as high-priority cues for person identification
to facilitate MABSA.

[PROMPT]:
Pay extra close attention to the following:

nmnn

The person whose face is marked with a {color} bounding box (overlaid on the original meme
) is {name} ({description}).

[REMARKS]:

e This prefix was used for the user prompt only when the Amazon Rekognition
RecognizeCelebrities endpoint identified individuals in the meme with a MatchConfidence
score of at least 90.

¢ The placeholders {color}, {name}, and {description} represented the color of the
bounding box, the name of the identity derived from the Amazon Rekognition
RecognizeCelebrities endpoint, and the corresponding Wikidata description, respectively.

¢ For each identified celebrity, we included exactly one sentence in the following format
, with each sentence separated by a newline: "The person whose face is marked with a {
color} bounding box (overlaid on the original meme) is {name} ({description})."

MABSA (USER PROMPT)

[PURPOSE] :

User prompt to implement a six-step workflow culminating in MABSA.

[PROMPT]:
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Definitions of the types of image-text relationships whose names are enclosed in HTML <i
></1> tags and which are essential for Step 2a:

mwww

<i>Additive</i>: where the text amplifies or elaborates on the image, or vice versa.
<i>Synonymous</i>: where the text and the image send essentially the same message.
<i>Interdependent</i>: where the image and the text together convey an idea that neither
could convey alone.

<i>Image dominant</i>: where the image dominates, and the text does not add significantly
to the meaning of the image.

<i>Text dominant</i>: where the image illustrates but does not add significantly to a
largely complete text.

Definitions of humor techniques whose names are enclosed in HTML <b></b> tags and which

are essential for Step 4:

<b>Comparison</b>: Putting two or more elements together to produce a humorous situation.

<b>Exaggeration</b>: Overstating and magnifying something out of proportion.

<b>Imitation</b>: Mimicking or copying someone’s appearance or movements.

<b>Irony</b>: Stating one thing and meaning something else or exactly the opposite of what
is stated.

<b>Parody</b>: Imitating a style or a genre of literature or other media.

<b>Personification</b>: Attributing human characteristics to animals, plants, or objects.

<b>Pun</b>: Using elements of language to create new meanings that result in humor.

<b>Sarcasm</b>: Including blatant ironic responses or situations. Sarcasm features a more

incisive tone than irony. Sarcasm also typically involves criticizing a target, while the

same may not be true for irony.

<b>Satire</b>: Making a fool of or poking fun at well-known things, situations, or public
figures.

<b>Schadenfreude</b>: Taking pleasure in other people’s misfortune—victim humor.

<b>Silliness</b>: Making funny faces in ludicrous situations, showing silly or clownish

behavior, or using silly voices as expressed in text, onomatopoeic sounds, or editing

styles.

<b>Surprise</b>: Humor arises from unexpected situations.
wmnn

Definitions essential for identifying the viewpoints of the meme in Step 6:

nmnn

Target: A target may refer to one concrete, tangible entity or one abstract subject that

was commented on in the meme. A target can be an individual, an organization, a community,
a society, a government policy, a movement, a product, etc., and can be expressed as a

named entity, a common noun, or a multi-word term.

Aspect: An aspect is one characteristic, attribute, or feature of the target of the meme.

Opinion: An opinion is an evaluation or attitude toward the aspect of the target of the

meme .

Sentiment: The sentiment is the polarity of the opinion, either "positive," or "neutral,"

or "negative."

Viewpoint: A viewpoint comprises a target of the meme, an aspect of the target referenced,
an opinion the meme expresses toward the aspect, and the sentiment polarity of the

opinion. A meme may have one or more viewpoints because it may have one or more targets,

with one or more aspects referenced for each target, and one or more opinions expressed

toward each aspect.
nmnn

Step 1) Describe the meme.

a. If there is more than one panel, describe each panel in the meme individually.

b. Specify all objects and people in the meme, as well as backgrounds, scenery,
interactions, and gestures or poses.

c. If there are multiple instances of any object or person, specify how many and where
they are.

d. If people or characters are in the image, describe their facial expressions and the
emotions they are conveying.

e. Mention what and where the text in the meme is and the font.

Step 2) Explain the function(s) of the text.
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a. Classify and explain the type of image-text relationship the meme possesses. Each meme

must only be classified into exactly one type.

b. If the text modifies your understanding of the image, explain exactly how and to what

effect on the meaning of the meme.

Mandatory constraints for Step 2a:

nmnn

i. Strictly enclose the one name of the classified type of image-text relationship in HTML
<i></i> tags.

ii. Strictly avoid using Markdown syntax here.
nmnn

Step 3) Considering both the image and the text, identify and explain any specific
references to:

a. popular culture events, artifacts and practices, including movie stills, video games,
and other viral content;

b. political content, including photographs of political events and leaders, symbols, and
statements by politicians;

c. national, cultural, social, and commercial symbols and icons;

d. country- or culture-specific jargon, acronyms and buzzwords; and

e. other memes.

Step 4) Identify all the humor technique(s) used in the meme. If there are any, explain

how each humor technique is used and its effect on the meaning of the meme. If there are
none, simply state so.

Mandatory constraints for Step 4:

nnn

i. Strictly enclose the one-word name(s) of the humor technique(s) present in HTML <b></b>
tags.

ii. Strictly avoid using Markdown syntax here.

iii. Strictly do not mention humor techniques which are absent.
nmnn

Step 5) Considering all of the above and examining the meme as a whole, infer the meme’s
key intended message(s) within highly specific political, social or cultural contexts
relevant to the meme.

Step 6) Extract and rewrite the meme’s key intended message(s) (content from Step 5) as
one or more highly specific and well-structured viewpoints.

Mandatory constraints for Step 6:

nmnn

i. A viewpoint must be expressed as one coherent and self-contained sentence faithfully
following this strictly mandatory format:

"The meme views {target noun or noun phrase} with a {sentiment} sentiment because its/his/
her/their {aspect noun or noun phrase} is/are seen as {opinion adjective or adjective
phrase}."

ii. Every single placeholder—{target noun or noun phrase}, {aspect noun or noun phrase},
{opinion adjective or adjective phrase}, and {sentiment}—must be replaced with
appropriately informative and specific word(s) to form a logical sentence.

iii. Opinion must be an informative and nuanced adjective (word) or short adjective phrase

iv. Sentiment must strictly be classified as one of the three options, either "positive,"
or "neutral," or "negative."
v. Each viewpoint must comprise exactly one target, one aspect, one opinion, and one
sentiment. Strictly do not conflate different entities as one target. Only if there are
truly distinct viewpoints—for example, different targets, aspects, or opinions—generate
separate viewpoints for each, ensuring they do not contradict one another. Otherwise,
generate only one viewpoint. Firmly limit the number of generated viewpoints to those that
are truly accurate and central to the meme.

vi. Strictly focus on what the meme actually conveys and nothing else.
mmwn

Strictly and rigorously follow all the instructions and the mandatory constraints above,
including all the alphabetical instructions and all the mandatory constraints itemized
using Roman numerals. Let’s work this out in a step-by-step way to be sure we have
perfectly accurate answers while rigorously adhering to the mandatory constraints for Step

1785



2a, Step 4 and Step 6.

[REMARKS] :

¢ For the meme description, we refined the prompts employed by Singla et al. (2024) and

Schuhmann and Bevan (2023).

* We adapted the taxonomy of text-image relationships proposed by McCloud (1994) and

subsequently adopted by Yus (2019) for meme analysis. McCloud’s taxonomy includes seven

categories: Word-specific, Picture-specific, Duo-specific, Additive, Parallel, Montage,

and Interdependent. We omitted the Parallel and the Montage categories, as Yus (2019)

observed no such instances in his sample of memes. In practice, memes typically do not

feature Parallel relationships, where the text and the image function independently

without complementing each other, or Montage, where the text is embedded in the image

instead of appearing as an overlay. Additionally, we updated the remaining terminology for
greater clarity, for example, using the term Synonymous instead of Duo-specific.

* We adapted a question from Bettin et al. (2023) to encourage explicit reasoning about

how the text contributes to the overall message.

* We included instructions in our prompt to elicit the identification of intertextual

references prevalent in memes, such as cultural and political allusions

(Mukhtar et al. 2024), movie stills and video game imagery (Lankshear and Knobel 2019),

and photographs of public figures and events (Poldch 2015).

¢ We drew on the humor type content analysis coding scheme proposed by Schumacher (2024),
which in turn builds on the works of Catanescu and Tom (2001),

Taecharungroj and Nueangjamnong (2015), and Buijzen and Valkenburg (2004).

¢ Our working definition of "target" in the MABSA context was synthesized from prior work
(Alaei et al. 2023; Mohammad et al. 2016; Pontiki et al. 2015).

¢ Our working definition of "aspect" in the MABSA context was synthesized from prior work
(Fuyao et al. 2023; Ayub et al. 2022).

¢ Our working definition of "opinion" in the MABSA context was synthesized from prior

work (Huang et al. 2024).

* We extended the approach of Zhang et al. (2021), which formulates ABSA as a

paraphrasing task, to MABSA.

EXTRACT VIEWPOINTS (SYSTEM PROMPT)

[PURPOSE]:
System prompt to extract viewpoints from MABSA outputs by VLMs.

[PROMPT]:

Instructions:

nmmwn

Rigorously deduplicate (remove duplicates), extract, and standardize one or more non-
redundant and explicitly stated viewpoint (s) from the meme analysis (Step 6) in the user

message. Refer to what the meme analysis ultimately considers as the viewpoint (s) of the

meme in the final analysis in Step 6. Rigorously follow, word for word, this mandatory
format for each viewpoint:

"The meme views {target noun or noun phrase} with a {sentiment} sentiment because its/his/

her/their {aspect noun or noun phrase} is/are seen as {opinion adjective or adjective

phrase}."

Here, {target noun or noun phrase}, {sentiment}, {aspect noun or noun phrase} and {opinion
adjective or adjective phrase} are placeholders that must be filled with meaningful

content.
nmmwn

Strict guidelines:

nnn

1) When the provided viewpoint (s) do not already perfectly conform to the mandatory format
, you may rewrite the viewpoint (s) by making cosmetic changes such as changes to the word
form and the sentence structure while remaining highly faithful to the meaning of the
original content, such that the extracted viewpoint (s) perfectly conform to the mandatory
format. When the provided viewpoint (s) already perfectly conform to the mandatory format,
you must strictly just copy and paste verbatim and be fully faithful to the explicitly
stated viewpoint (s) in the meme analysis in the user message.
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2) Rigorously enforce that {sentiment} is limited to only either "positive," or "neutral,"

or "negative." If {sentiment} is not already either "positive," or "neutral," or "
negative, " appropriately replace it strictly with only either "positive," or "neutral," or
"negative."

3) Rigorously enforce that {aspect noun or noun phrase} is a specific noun word or noun
phrase and not just a simplistic pronoun.
4) A meme may have one or more viewpoints because it may have one or more targets, with
one or more aspects referenced for each target, and one or more opinions expressed toward
each aspect. However, any viewpoints that are mere close paraphrases of another viewpoint
must be removed and excluded from your answer. In particular, if there are multiple
provided viewpoints, compare the target-aspect-opinion-sentiment sets to determine if they
are merely reworded variations that convey the same information. If multiple viewpoints
are extracted, they must be unique—having either different targets, aspects, or opinions—

and must not be mere close paraphrases of one another.
nmmwn

Important answer format constraints:

1) Strictly return a valid JSON with the key "viewpointl" if there is only one
deduplicated viewpoint, or "viewpointl," "viewpoint2," and so on if there is more than one
deduplicated viewpoint.

2) Rigorously ensure, without exception, that {sentiment} is strictly either "positive,"
or "neutral," or "negative," and not any other words.

3) Keep your reasoning intelligent but concise.

4) Importantly, the placeholders {target noun or noun phrase}, {aspect noun or noun phrase
} and {opinion adjective or adjective phrase} must strictly be filled with meaningful
content and must not simply repeat the placeholder names themselves. That is, you must not
use the generic terms "target(s)," "aspect(s)," or "opinion(s)" as the actual values for
these placeholders.

5) Most importantly, each viewpoint (JSON value) must rigorously follow, word for word,
the format of "The meme views {target noun or noun phrase} with a {sentiment} sentiment

because its/his/her/their {aspect noun or noun phrase} is/are seen as {opinion adjective

or adjective phrase}."
nnn

[REMARKS]:
¢ We extended the approach of Zhang et al. (2021), which formulates ABSA as a
paraphrasing task, to MABSA.

THEME SHORTLISTING FOR TARGET-LEVEL CLUSTERS (SYSTEM PROMPT)

[PURPOSE] :

System prompt to suggest a label for the cluster of meme targets.

[PROMPT]:

Propose one label that accurately and faithfully captures the highly-unigue meaning of the
cluster of semicolon-separated targets as defined in the user message. If it is possible
to propose a label that comfortably encapsulates all targets in the user message, try your

very best to propose a label that encapsulates all targets. However, if trying to
encapsulate all targets will misrepresent the most frequent targets, strictly prioritize
representing the most frequent targets instead and ignore the peripheral targets. The
proposed label must not be a comma-separated list. The proposed label must be a noun or
noun phrase that is perfectly appropriate and grammatically fits as the value of the
placeholder {target noun or noun phrase} in the sentence: "The memes view {target noun or
noun phrase} with a {sentiment} sentiment because its/his/her/their {aspect noun or noun
phrase} is/are seen as {opinion adjective or adjective phrase}." Constraint: Think
intelligently and concisely. Strictly return only the label (noun or noun phrase) without
any preamble or anything extra.

[REMARKS]:
¢ We extended the approach of Zhang et al. (2021), which formulates ABSA as a
paraphrasing task, to MABSA.
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THEME SHORTLISTING FOR ASPECT-LEVEL CLUSTERS (SYSTEM PROMPT)

[PURPOSE]:
System prompt to suggest a label for the cluster of meme aspects.

[PROMPT]:

Propose one label that accurately and faithfully captures the highly-unigue meaning of the
cluster of semicolon-separated aspects of the target ({target}) as defined in the user

message. If it is possible to propose a label that comfortably encapsulates all aspects in
the user message, try your very best to propose a label that encapsulates all aspects.

However, if trying to encapsulate all aspects will misrepresent the most frequent aspects,
strictly prioritize representing the most frequent aspects instead and ignore the

peripheral aspects. The proposed label must not be a comma-separated list. The proposed
label must be a noun or noun phrase that is perfectly appropriate and grammatically fits
as the value of the placeholder {{aspect noun or noun phrase}} in the sentence: "The memes
view {target} with a {{sentiment}} sentiment because its/his/her/their {{aspect noun or
noun phrase}} is/are seen as {{opinion adjective or adjective phrase}}." Constraint: Think
intelligently and concisely. Strictly return only the label (noun or noun phrase) without
any preamble or anything extra.

[REMARKS] :
¢ We extended the approach of Zhang et al. (2021), which formulates ABSA as a
paraphrasing task, to MABSA.

THEME SHORTLISTING FOR OPINION-LEVEL CLUSTERS (SYSTEM PROMPT)

[PURPOSE]:

System prompt to suggest a label for the cluster of meme opinions.

[PROMPT]:

Propose one label that accurately and faithfully captures the highly-unigue meaning of the
cluster of semicolon-separated opinions toward the aspect ({aspect}) of the target ({

target}) as defined in the user message. If it is possible to propose a label that

comfortably encapsulates all opinions in the user message, try your very best to propose a
label that encapsulates all opinions. However, if trying to encapsulate all opinions will
misrepresent the most frequent opinions, strictly prioritize representing the most

frequent opinions instead and ignore the peripheral opinions. The proposed label must not

be a comma-separated list. The proposed label must be an adjective or adjective phrase
that is perfectly appropriate and grammatically fits as the value of the placeholder {{
opinion adjective or adjective phrase}} in the sentence: "The memes view {target} with a {
sentiment} sentiment because its/his/her/their {aspect} is/are seen as {{opinion adjective
or adjective phrase}}." Constraint: Think intelligently and concisely. Strictly return
only the label (adjective or adjective phrase) without any preamble or anything extra.

[REMARKS]:
¢ We extended the approach of Zhang et al. (2021), which formulates ABSA as a
paraphrasing task, to MABSA.

MEMBERSHIP VALIDATION (SYSTEM PROMPT)

[PURPOSE]:
System prompt to detect labels that are completely irrelevant to the original semantic
elements.

[PROMPT]:
Think intelligently and concisely. Strictly return only one single word, either "Yes" or "
No" without any explanation or anything extra.

[REMARKS]:
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MEMBERSHIP VALIDATION (USER PROMPT)

[PURPOSE]:
User prompt to detect labels that are completely irrelevant to the original semantic
elements.

[PROMPT]:
Is "{text}" absolutely irrelevant and unrelated to the theme of "{label}"?
[REMARKS]:
THEME CONSOLIDATION (USER PROMPT)
[PURPOSE]:

User prompt to group themes.

[PROMPT]:
In the user message 1is a semicolon-separated list of cluster labels. Your task is to
identify any provided labels that are either (i) absolutely synonymous with one or more
other labels (i.e., they are, without question, identical in meaning); or (ii) clearly
encompass one or more other labels in terms of meaning. Strictly output a valid JSON
object with each key being one synonymous/encompassing label, and each value being a
semicolon-separated list of the corresponding synonymous/encompassed label(s). For example
, given "anger; happy; sad; sorrowful; fear; elated; joyful; dejected; emotions; joy", the
output should be {"happy": "elated; joyful", "sad": "sorrowful; dejected", "emotions": "
anger; fear; joy"}. However, if no synonymous/encompassing labels are found, simply output
{"None": "None"}. Constraint: Think intelligently and concisely. Strictly enforce that
each key is either (i) identical in meaning and nuance with the label(s) in its wvalue, or
(ii) very clearly encompasses the meaning of the label(s) in its value. Strictly enforce
and double-check that each provided label in the user message must not appear more than
once in your JSON answer.

[REMARKS]:
LLM-JUDGE OF MABSA ACCURACY (SYSTEM PROMPT)

[PURPOSE] :

System prompt to assess MABSA accuracy.

[PROMPT] :

Definitions:

nnn

Target: A target may refer to one concrete, tangible entity or one abstract subject that

was commented on in the meme. A target can be an individual, an organization, a community,
a society, a government policy, a movement, a product, etc., and can be expressed as a

named entity, a common noun, or a multi-word term.

Aspect: An aspect is one characteristic, attribute, or feature of the target of the meme.

Opinion: An opinion is an evaluation or attitude toward the aspect of the target of the

meme .

Sentiment: The sentiment is the polarity of the opinion: "positive," or "neutral," or "

negative."

Viewpoint: A viewpoint comprises a target of the meme, an aspect of the target referenced,
an opinion the meme expresses toward the aspect, and the sentiment polarity of the

opinion.
mwww

Instructions: Evaluate the quadruple of semantic elements (target, aspect, opinion,
sentiment) by first assessing the accuracy of the target with respect to the meme. If the
target is accurate, assess the aspect; if the aspect is accurate, assess the opinion; and
if the opinion is accurate, assess the sentiment. If at any point a semantic element is
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not accurate, there is no need to proceed further with the quadruple. A semantic element
is accurate if it (1) is mentioned in the meme, whether implicitly or explicitly; (ii)
does not distort the message of the meme; (iii) effectively conveys the intended message
of the meme.

Constraint: Answer strictly with a single number: 0 (no elements accurate) or 1 (only
target accurate) or 2 (only target and aspect accurate) or 3 (only target, aspect, opinion
accurate) or 4 (all elements accurate). Return the number without anything else.

[REMARKS]:

¢ Our working definition of "target" in the MABSA context was synthesized from prior work
(Alaei et al. 2023; Mohammad et al. 2016; Pontiki et al. 2015).

¢ Our working definition of "aspect" in the MABSA context was synthesized from prior work
(Fuyao et al. 2023; Ayub et al. 2022).

¢ Our working definition of "opinion" in the MABSA context was synthesized from prior

work (Huang et al. 2024).

LLM-JUDGE OF CLUSTER HOMOGENEITY (SYSTEM PROMPT)

[PURPOSE] :

System prompt to assess cluster homogeneity.

[PROMPT]:

Definitions:

nmnn

Target: A target may refer to one concrete, tangible entity or one abstract subject that

was commented on in the meme. A target can be an individual, an organization, a community,
a society, a government policy, a movement, a product, etc., and can be expressed as a

named entity, a common noun, or a multi-word term.

Aspect: An aspect 1is one characteristic, attribute, or feature of the target of the meme.

Opinion: An opinion is an evaluation or attitude toward the aspect of the target of the

meme .

Sentiment: The sentiment is the polarity of the opinion: "positive," or "neutral," or "

negative."

Viewpoint: A viewpoint comprises a target of the meme, an aspect of the target referenced,
an opinion the meme expresses toward the aspect, and the sentiment polarity of the

opinion. A viewpoint can be expressed as one coherent and self-contained sentence
following this format:

"The meme views {{target noun or noun phrase}} with a {{sentiment}} sentiment because its/

his/her/their {{aspect noun or noun phrase}} is/are seen as {{opinion adjective or

adjective phrase}}."
nmmwn

Instructions: You have been given exactly {n} meme images in the user message. Using the
definitions provided above, determine the viewpoint (s) of each meme. A meme may have one
or more viewpoints because it may have one or more targets, with one or more aspects
referenced for each target, and one or more opinions expressed toward each aspect. Your
goal is to find the largest group of memes, from the {n} provided, that share the exact
same viewpoint. For viewpoints to be identical, the target of the meme, the aspect of the
target referenced, the opinion expressed about that aspect, and the sentiment polarity of
the opinion must all be exactly the same. If even one of the elements (targets or aspects
or opinions or sentiments) is dissimilar between the memes, they must not be grouped
together; their viewpoints must be deemed different. Find the one specific viewpoint that
appears in the highest number of memes. Then, count how many memes share that top
viewpoint.

Constraint: Return a single integer (number of memes that share the top viewpoint) and
nothing else. Your answer must be an integer between 1 and {n}, inclusive. If no viewpoint

is shared by more than one meme, return 1.

[REMARKS]:

¢ Our working definition of "target" in the MABSA context was synthesized from prior work
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(Alaei et al. 2023; Mohammad et al. 2016; Pontiki et al. 2015).
¢ Our working definition of "aspect" in the MABSA context was synthesized from prior work
(Fuyao et al. 2023; Ayub et al. 2022).
¢ Our working definition of "opinion" in the MABSA context was synthesized from prior
work (Huang et al. 2024).

LLM-JUDGE OF INTER-CLUSTER QUALITY (SYSTEM PROMPT)

[PURPOSE]:

System prompt to assess inter-cluster quality.

[PROMPT]:

Definitions:

nmnn

Target: A target may refer to one concrete, tangible entity or one abstract subject that

was commented on in the meme. A target can be an individual, an organization, a community,
a society, a government policy, a movement, a product, etc., and can be expressed as a

named entity, a common noun, or a multi-word term.

Aspect: An aspect is one characteristic, attribute, or feature of the target of the meme.

Opinion: An opinion is an evaluation or attitude toward the aspect of the target of the

meme .

Sentiment: The sentiment is the polarity of the opinion: "positive," or "neutral," or "

negative."
nmnn

Instructions: Which of the following memes LEAST FITS the narrative in the user message?
Select only one. Fit is your subjective assessment of whether the meme’s target, aspect,
opinion, and sentiment are appropriately represented by the narrative, and not simply
unrelated to the narrative. Examine the entire narrative and compare it with each meme
before making the selection.

Constraint: Answer strictly with a single alphabet corresponding to the meme: "A" or "B"
or "C.H

[REMARKS] :

¢ Our working definition of "target" in the MABSA context was synthesized from prior work
(Alaei et al. 2023; Mohammad et al. 2016; Pontiki et al. 2015).

¢ Our working definition of "aspect" in the MABSA context was synthesized from prior work
(Fuyao et al. 2023; Ayub et al. 2022).

¢ Our working definition of "opinion" in the MABSA context was synthesized from prior

work (Huang et al. 2024).

LLM-JUDGE OF INTRA-CLUSTER QUALITY (COHERENCE) (SYSTEM PROMPT)

[PURPOSE]:

System prompt to assess intra-cluster quality (coherence).

[PROMPT]:

Rate the COHERENCE of the narrative in the user message based on how well the target, the
aspect, and the opinion in the narrative fit together. When judging coherence, ignore the

possessive determiners and subject-verb agreement; regard "is/are" and "its/his/her/their"
as template artifacts and do not penalize coherence or fluency for them.

1. Incoherent: The target, the aspect, and the opinion are all completely unrelated and do
not fit together at all.

2. Mostly Incoherent: Only two of the three elements (target, aspect, opinion) are related
and fit together.

3. Mostly Coherent: All three elements (target, aspect, opinion) are related and fit

together, but the phrasing is awkward.

4. Highly Coherent: All three elements (target, aspect, opinion) are related and fit

together, and the narrative is fluent.
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Constraint: Answer strictly as a number without anything extra, 1 or 2 or 3 or 4.

[REMARKS]:

LLM-JUDGE OF INTRA-CLUSTER QUALITY (RELEVANCE) (SYSTEM PROMPT)

[PURPOSE]:

System prompt to assess intra-cluster quality (relevance).

[PROMPT]:

Thoroughly read the meme (the image passed in the user message). Carefully read the
narrative (comprising the target, the aspect, the opinion, and the sentiment) in the user

message (text prompt) and compare it with the meme (the image passed in the user message).
Ql. Identify whether (true or false) the narrative is relevant to the target. Here,
relevance refers to whether the narrative in the user message captures the target of the

meme (the image in the user message) .

Q2. If Q1 is true, identify whether (true or false) the narrative is relevant to the
aspect. Here, relevance refers to whether the narrative in the user message captures the
aspect of the target of the meme (the image in the user message). Slight generalization of
the aspect is permitted, as long as it remains accurate and informative. If Q1 is false,
set Q2 to false.

Q3. If Q2 is true, identify whether (true or false) the narrative is relevant to the
opinion and sentiment. Here, relevance refers to whether the narrative in the user message
captures the opinion and sentiment toward the aspect of the target of the meme (the image
in the user message). If Q2 is false, set Q3 to false.

Constraint: Answer strictly as a valid JSON object, with three keys: "Q1" and "Q2" and "Q3
." The values of "Q1" and "Q2" and "Q3" must be strictly BOOLEAN (true or false) only.

[REMARKS]:

Appendix G - Evaluation Instructions

Purpose Of Instruction Example Screenshot

Which of the following was especially popular during the COVID-19 pandemic?
A B c

Evaluate basic
knowledge about
important themes in the
meme corpora

®
go@>»

Continued on next page.
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Purpose Of Instruction Example Screenshot

Evaluate accuracy of
semantic elements from
MABSA

Evaluate the accuracy of each semantic element in each quadruple (target, aspect, opinion, sentiment).

A semantic element is accurate if it (i) is mentioned in the meme, whether implicitly or explicitly; (i) does not distort the message of the meme; (iii) effectively conveys the intended message of the meme.

Viewpoint: The meme views people accidentally revealing their unprepared appearance on webcam during conference calls with a negative sentiment because their seen as potentially and comi
Target: people g

Aspect: appearance

Opinion: potentially embarrassing and comically unpresentable

Sentiment: negative

targetl | aspect® | opinion™ | sentiment’
Which of the following memes LEAST FITS the narrative? Select only one.
Fitis your subjective assessment of whether the meme's target, aspect, opinion and sentiment are appropriately represented by the narrative, and not simply unrelated to the narrative.

Narrative:

ng crises with absurd and irrational,

Examine the entire narrative and compare it with each meme before making the selection.

A B [
working from home s pretty much st everyone in their online classes now. Everyone: *cannot find any toilet paper or food
SNE0 SOIN SRh DIRPITEIn sate in shops anymore, because it's all sold out*

¥ The dude in math problems:

Evaluate inter-cluster
quality

Narrative:

The meme(s) view handwashing with a positive sentiment because its/his/her/their fundamental hygiene requirement is/are seen as hyperbolically necessary.
Target:

handwashing

Aspect:

fundamental hygiene requirement
Opinion:

Evaluate coherence of hyperbolically necessary
narrative Sentiment:

positive
Q1. Rate the COHERENCE of the narrative based on how well the target, aspect and opinion in the narrative fit together.

1. Incoherent: The target, the aspect and the opinion are all completely unrelated and do not fit together at all*

2. Mostly Incoherent: Only two of the three elements (target, aspect, opinion) are related and fit togeth
3. Mostly Coherent: All three elements (target, aspect, opinion) are related and fit together, but the phrasing is awkward.?

4. Highly Coherent: Al three elements (target, aspect, opinion) are related and fit together and the narrative is fluent.*

Continued on next page.
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Purpose Of Instruction Example Screenshot

1) Thoroughly read the memes.

2) Carefully read the narrative and compare it with each meme.
Wash your hands 3 Y\

like you’re washing

Jason Mamoa

Encourage a meticulous
examination of memes
before assessing
relevance

4 , WASH YOUR
il YO ANDS A/ HANDS
W

DONT Bt A RACKY

Or the Devil Will Get Yoy!

e

Relevance to target

Q2. Identify the number of memes to which the narrative is relevant to the target. Here, relevance refers to whether the narative captures the target of the

Relevance to aspect

Evaluate relevance of
narrative to memes

Relevance to opinion and sentiment
a

Table 9: Purpose of instructions given to participants and example screenshots of instructions.

Appendix H - Participant Compensation

We paid participants a rate of S$20/hour (approximately US$15.60/hour). On average, each participant took 12.5 hours to
complete the tasks.

Appendix I - Case Normalization Issue

Case normalization was not applied consistently during downstream post-processing of cluster labels. As a result, labels differ-
ing only in capitalization (e.g., “the Democratic Party” vs. “The Democratic Party”’) were sometimes treated as distinct groups
in later clustering steps. In a post hoc audit of the Gemini 2.5 Pro MABSA clustering output, we identified that this issue af-
fected the clustering of 693 of 12,242 quadruples/viewpoints (5.66%) across 264 narratives. Importantly, this issue is confined
to label formatting in downstream grouping steps and does not affect semantic extraction. We also audited all clustering-related
human evaluation samples and found that 34 of 723 samples (4.70%) involved narratives affected by the capitalization issue in
the main clustering output. While this identifies potentially affected samples, we did not estimate how many human judgments
would actually change under a corrected rerun. To verify that this issue does not materially affect our findings, we recalculated
all evaluation metrics after excluding the affected narratives. The results, reported in Tables 10, 11, 12, and 13, are consistent
with those in the main paper. These audits indicate a limited post-processing issue with label capitalization, with the overall
conclusions remaining unchanged.

Macro- Micro-

Clustering Num. C  Purity  Purity
MemeTT
Gemini 2.5 Pro (F)f 5546 .830 753

Table 10: Cluster homogeneity evaluation after excluding narratives affected by the case-normalization issue (mean of three
LLM-Judge runs). Num. C = the number of clusters. The dagger sign (}) indicates that MemeTT yields singleton clusters, each
contributing purity 1.
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I Coherence
|C| N HHum. LLM-J Ag'r'h Agrhl AClh AClhl

Harm-C
3 471 3.70 3.92 23 23 591 .652
4 501 3.71 3.86 18 17 524 .596
5 22| 3.77 3.90 10 10 .622 714
Harm-P
3 451 3.91 3.94 35 34 .836 .864
4 421 3.94 3.97 35 35 .884 910
5 36| 3.94 3.99 32 32 924 938
TDMeme
3 49| 3.62 3.97 15 15 428 .536
4 39| 3.66 3.93 14 13 .500 577
5 15| 3.67 3.91 5 5 .530 .566

Table 11: Cluster narrative coherence evaluation after excluding narratives affected by the case-normalization issue (LLM-Judge
values are means of 5 runs). |C'| = Number of memes in cluster. N = Number of clusters assessed. Hum. = Average human score.
LLM-J = GPT-5 mini (average score). Agrj, = The number of instances in which all human annotators independently assigned
the maximum score of 4. Agry; = The number of instances in which all human annotators and the LLM-Judge (majority vote
of 5 runs) independently assigned the maximum score of 4. AC1;, = Gwet’s AC1 between human evaluators. AC1,; = Gwet’s
ACI1 treating the majority vote of the LLM-Judge as an additional evaluator.

[ Target | Aspect | Opinion-Sentiment

IC| N || Hum. LLM-J Agrn Agrn | Hum. LLM-J Agrn, Agrm | Hum. LLM-J  Agrn,  Agrw
Harm-C

3 47 2.80 2.84 31 29 2.52 2.69 18 15 2.28 2.20 10 6

4 50 3.64 3.81 29 28 3.39 3.64 21 19 3.09 3.10 16 11

5 22 4.48 4.75 12 12 4.05 4.53 6 6 3.58 3.85 3 2
Harm-P

3 45 2.82 2.85 36 36 2.45 2.44 19 15 2.38 2.03 19 12

4 42 3.79 3.71 30 27 3.56 3.15 18 12 341 2.61 15 6

5 36 4.76 4.74 20 20 4.39 4.32 11 10 4.13 3.79 10 9
TDMeme

3 49 2.62 2.68 21 19 2.10 2.16 5 4 1.80 1.83 2 2

4 39 3.62 3.67 21 21 2.89 3.18 3 3 2.34 2.61 0 0

5 15 4.42 4.60 7 6 3.33 3.57 0 0 2.71 2.51 0 0

Table 12: Relevance of cluster narratives to the quadruple elements reflected in each cluster’s memes after excluding narratives
affected by the case-normalization issue (LLM-Judge values are means of 5 runs). |C| = Number of memes in cluster. N =
Number of clusters assessed. Hum. = Average human score. LLM-J = GPT-5 mini (average score). Agr;, = The number of
instances in which all human annotators independently assigned the maximum score of |C|, Agry; = The number of instances
in which all human annotators and the LLM-Judge (majority vote of 5 runs) independently assigned the maximum score of |C/.
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Dataset N Trg. Asp. Snt. Human LLM-Judge or o

30 X X X 96.67% 96.67% .831  .855
Harm-C 29 4 X X 68.97% 72.41% .606  .557
29 v 4 X 62.07% 65.52% 339 356
30 vV v v 43.33% 30.00% 345 322
29 X X X 93.10% 86.21% 966 923
Harm-P 28 4 X X 71.43% 85.71% 492 575
29 v v X 55.17% 82.76% 365 372
23 v v v 47.83% 65.22% 391 391
30 X X X 93.33% 96.67% 718 750
TDMeme 30 vV X X 50.00% 63.33% 298 392
27 v 4 X 37.04% 51.85% 447 424
30 vV v v 43.33% 70.00% S17 443

Table 13: Inter-cluster quality experiment results after excluding narratives affected by the case-normalization issue. N = Num-
ber of samples assessed. Trg. = Target. Asp. = Aspect. Snt. = Sentiment. Human = Human (majority vote). LLM-Judge = GPT-5
mini (majority vote). oy, = Krippendorff’s Alpha between human evaluators. «y,; = Krippendorff’s Alpha treating the majority
vote of the LLM-Judge as an additional evaluator.
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