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Abstract

Multimodal human creativity, such as memes,
cartoons, comics, advertisements, and humor-
ous or satirical videos, presents unique chal-
lenges for Al systems due to its non-literal, cul-
turally grounded, and rhetorically structured na-
ture. While Multimodal Large Language Mod-
els (MLLMs) excel at physical-world under-
standing, they continue to struggle with creative
communication. This survey provides a system-
atic overview of multimodal human creativity
research. We first introduce a unified taxonomy
that characterizes creative content along data
forms, meaning-making mechanisms, and com-
municative goals. We then organize existing
work into a capability-oriented hierarchy, span-
ning recognition, interpretation, and generation.
Within this framework, we audit the architec-
tural shifts that have shaped the transition from
task-specific models to MLLMs. We conclude
by identifying critical benchmark trends and
open socio-technical challenges, providing a
roadmap toward Al systems capable of sophis-
ticated creative understanding.

1 Introduction

Recent advances in Multimodal Large Language
Models (MLLMs) have demonstrated strong ca-
pabilities in physical-world grounding, such as
scene understanding, object recognition, and fac-
tual visual question answering (Yin et al., 2024;
Comanici et al., 2025; Bai et al., 2025). These suc-
cesses have motivated expectations that MLLMs
can move beyond literal perception to comprehend
more abstract and socially grounded forms of hu-
man communication. In particular, human creative
expression, which dominates contemporary online
communication, appears to be a natural next fron-
tier for multimodal Al. However, growing evidence
shows that even state-of-the-art MLLMs struggle
to interpret such content reliably (Jia et al., 2024;
Saakyan et al., 2024; Joshi, 2025).

We define multimodal human creative expres-
sion as the strategic synthesis of heterogeneous
signals (e.g., linguistic, visual, auditory, and tem-
poral cues) to convey meaning that is intentionally
non-literal and context-dependent (Boden, 1998;
Wiggins, 2006; Colton and Wiggins, 2012). Com-
mon examples include comics, memes, editorial
cartoons, and satirical videos. Unlike factual com-
munication, these artifacts use rhetorical mecha-
nisms like metaphor, irony, and incongruity to cre-
ate a “semantic gap” between the literal depiction
and the intended message.

Decoding these artifacts is challenging for
MLLMs because their intended meaning is rarely
recoverable from surface-level perception alone.
While a model may accurately recognize objects,
actions, or scenes at the perceptual level, it often
fails to infer their communicative function. For in-
stance, an MLLM may accurately identify a “burn-
ing house” in an image (physical perception), yet
fail to resolve its function as a satirical metaphor
for “climate policy” (creative interpretation). Thus,
achieving a deep understanding of such content
requires more than multimodal alignment; it re-
quires inferring implicit intent and grounding its
interpretation in cultural norms and socio-historical
context (Saakyan et al., 2024; Ryan et al., 2025).

Despite the increasing interest, existing surveys
on human creativity understanding remain frag-
mented across data, task, and modeling dimensions.
From a task perspective, prior reviews often fo-
cus on isolated objectives such as detection, un-
derstanding (Sharma et al., 2022b; Farabi et al.,
2024), or generation (Amin and Burghardt, 2020;
Loakman et al., 2023), without capturing the full
capability progression from recognition to interpre-
tive reasoning and creativity synthesis. From a data
perspective, surveys that consider multimodal in-
puts typically concentrate on a single content type,
such as memes (Farabi et al., 2024), humor (Ren
et al., 2024; Kalloniatis and Adamidis, 2024), or
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Figure 1: A unified data taxonomy of multimodal human creative expression.

text-only creativity (Amin and Burghardt, 2020;

Su et al., 2025), overlooking the diversity of multi-

modal and socially-grounded inputs in real-world

settings. From a modeling perspective, existing

work (Nguyen and Ng, 2024; Loakman et al., 2025)

tends to explore modeling techniques in a piece-

meal manner, rather than providing a systematic
and diverse discussion of multimodal alignment
and reasoning mechanisms.

We argue that progress in multimodal creative
Al is constrained not only by individual advances
in data or models, but also by the lack of unified
representations, capability-aware evaluation, prin-
cipled synthesis across data, tasks, and models, and
ethical grounding across the research pipeline. We
address the limitation by systematically examining
the problem from the following perspectives:
¢ Unified Taxonomy: We propose a unified taxon-

omy that organizes multimodal human creativity
along data forms, meaning-making mechanisms,
and communicative goals, connecting represen-
tation, interpretation, and creative intent beyond
task- or model-centric views.

¢ Capability-Centric Tasks: We introduce a three-
level task hierarchy—Recognition, Interpretation
and Reasoning, and Creative Generation—that
clarifies the capabilities required across datasets.

* Capability-Guided Models: We synthesize
modeling paradigms according to the capabilities
they support, highlighting how progress emerges
from integrating perceptual alignment, reasoning,
and grounded knowledge.

* Benchmarks and Ethical Frontiers: We bridge
our taxonomy to existing benchmarks, and out-
line open socio-technical challenges to guide fu-
ture creative Al development.

2 Background: A Taxonomy of
Multimodal Creative Expression

To systematically characterize multimodal hu-
man creative expression, we propose a three-
dimensional taxonomy organized around three fun-
damental questions: (1) Data Forms—what me-

dia the content is instantiated in; (2) Meaning-
Making Mechanisms—#/ow non-literal meaning is
constructed; and (3) Communicative Goals—why
the content is produced, as shown in Figure 1.

These dimensions capture complementary as-
pects of creative artifacts: their representational
substrate, their underlying rhetorical and cognitive
operations, and their pragmatic intent. Together,
they provide a principled framework grounded
in theories of multimodal communication and
rhetoric (Foss, 2017; Lakoff and Johnson, 2024),
while aligning naturally with contemporary Al re-
search on multimodal understanding.

2.1 Data Forms: The “What”

Human creative expression spans a wide range of
data forms, including text, images, audio, video,
and their combinations. While early computational
work focused primarily on textual humor and figu-
rative language (Mihalcea and Strapparava, 2005),
modern creative communication is overwhelmingly
multimodal. Understanding such content requires
models to integrate perceptual signals with cultural
knowledge and rhetorical intent, going beyond lit-
eral semantic interpretation. We group creative
data forms into three broad categories:

Static Visual-Textual Artifacts include memes,
posters, and emojis. These artifacts typically con-
sist of a single image, often paired with minimal
text, to convey humor, stance, or affect. Interpreta-
tion depends on visual grounding, symbolic associ-
ation, and shared socio-cultural context (Shifman,
2013; Sharma et al., 2020).

Sequential Visual Narratives encompass comic
strips, GIFs, and silent videos, where meaning
emerges from temporal progression across frames.
Understanding these forms requires tracking enti-
ties and events, inferring causal relations, and inte-
grating information across a visual sequence (Paval
et al., 2025; Wang et al., 2025b).

Audio—-Visual Performative Media include car-

toons, talk-show clips, and short-form videos on
platforms such as TikTok or Reels. These formats



incorporate speech, prosody, facial expressions,
music, and editing rhythm, making interpretation
contingent on fine-grained temporal alignment and
pragmatic inference (Marone, 2016).

Across all categories, data form shapes not only
perceptual requirements but also the types of rea-
soning and alignment needed for understanding
creative meaning.

2.2 Meaning-Making Mechanisms: The
“HOW”

Creative meaning often arises from rhetorical and
cognitive mechanisms that introduce ambiguity,
surprise, or abstraction. We highlight four recurrent
mechanisms that cut across data forms.

Incongruity refers to a mismatch between expec-
tation and observation and underlies many forms
of humor, irony, and sarcasm (Forabosco, 1992;
Veale, 2004). In multimodal settings, incongruity
often emerges from cross-modal clashes—e.g.,
a benign image paired with an unexpected cap-
tion—requiring models to reconcile conflicting
cues (Schifanella et al., 2016; Farabi et al., 2024).

Analogy and Conceptual Mapping construct
meaning by projecting structure from a familiar
source domain onto a target concept. This mech-
anism unifies metaphor and symbolism (Lakoff
and Johnson, 2024), where images, language, or
other modalities jointly instantiate cross-domain
correspondences that must be interpreted non-
literally (Refaie, 2003; Foss, 2004).

Exaggeration and Hyperbole amplify attributes
for comic or emphatic effect. In multimodal arti-
facts, exaggeration often arises through visual dis-
tortion, intensified motion, or prosodic emphasis,
with meaning emerging from cross-modal ampli-
fication rather than any single signal (Kreuz et al.,
1996; Zhang and Wan, 2024).

Narrative Structure operates primarily in sequen-
tial media, where meaning is shaped by setups,
payoffs, and causal relations across time (Genette,
1980; Bruner, 1991). Understanding such con-
tent requires identifying how events and modalities
jointly signal story progression (Paval et al., 2025).
These mechanisms explain how creative artifacts
encode meaning beyond surface semantics, posing
challenges distinct from literal understanding.

2.3 Communicative Goals: The “Why”

The third dimension concerns communicative in-
tent—the purpose a creative artifact serves for its

audience. This pragmatic layer shapes how both
data forms and mechanisms should be interpreted.
We identify four recurring goals.

Humor and Entertainment aim to amuse or
delight. Beyond recognizing incongruity, mod-
els must infer humorous intent to distinguish
jokes from errors or misinformation (Raskin, 1979;
Hasan et al., 2019a; Hu et al., 2024).

Satire and Social Critique use irony or absurdity
to comment on political or social issues. Correctly
identifying satirical intent is crucial for avoiding lit-
eral misinterpretation (Burfoot and Baldwin, 2009;
Li et al., 2020; Nandy et al., 2024).

Persuasion and Advertising seek to influence be-
liefs or behavior rather than entertain. Creative ads
and propaganda memes employ metaphor, emo-
tional framing, and stylization to persuade audi-
ences (Forceville, 2002; Kumar et al., 2023; Wang
et al., 2025a).

Emotion and Aesthetic Experience aim to evoke
affective or aesthetic responses, such as nostalgia,
empathy, or wonder. These goals require interpret-
ing how multimodal cues jointly produce emotional
resonance (Bruner, 1991; Christ et al., 2024; Shi
et al., 2025a; Pad6 and Thomas, 2025).

Although communicative goals often overlap,
identifying the primary intent provides essential
context for interpretation (e.g., distinguishing satire
from literal claims). In our taxonomy, communica-
tive goals form the pragmatic dimension that com-
plements data forms and meaning-making mech-
anisms, together offering a unified view of how
creative meaning is constructed and interpreted.

3 Task Hierarchy: Recognition,
Interpretation, and Generation

We summarize existing tasks into a three-level ca-
pability hierarchy to provide a structured lens on
current models (Figure 2); importantly, each level
aligns with distinct evaluation signals that reflect
the core requirements of the tasks.

3.1 Level 1: Recognition

Understanding human creativity begins with recog-
nition tasks, ranging from binary classification,
multi-class classification and MLLMs perception.
Early work focuses on binary classification, where
systems determine whether an input exhibits a
rhetorical or non-literal phenomenon. Prior to large
language models, this paradigm dominats creativ-
ity research across humor (Yang et al., 2015; Chan-
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drasekaran et al., 2016; Hasan et al., 2021), sar-
casm (Schifanella et al., 2016; Liang et al., 2022;
Liu et al., 2022a) etc., relying mainly on basic per-
ceptual encoding, multimodal fusion, and surface-
level cue discrimination.

Moving beyond binary decisions, recognition
tasks extend to finer-grained settings (multi classi-
fication), such as element extraction and intensity
analysis. Element extraction identifies constituent
components of creative expressions, including per-
suasion techniques (Dimitrov et al., 2021b), en-
tity roles (Sharma et al., 2022a, 2023b), sentiment
and rhetorical categories in memes (Sharma et al.,
2020), and punchlines or dialogue cues in multi-
panel content (Kayatani et al., 2021; Liu et al.,
2022b; Martinek et al., 2024). In contrast, intensity
analysis quantifies the strength or perceived quality
of creative effects, such as degrees of funniness (Al-
najjar et al., 2022) or offensiveness (Kumari et al.,
2025). These tasks require object-level localization,
semantic disentanglement of overlapping signals,
and judgement of creativity intensity.

MLLMs Perception exploits the language un-
derstanding and knowledge priors of LLMs to ex-
tend multimodal recognition, primarily by align-
ing semantic and visual representations through in-
struction tuning or finetune for detection-oriented
tasks (Zhang and Wan, 2024; Huang et al., 2024;
Gu et al., 2025). Compared to the others, these
tasks still focus on recognition rather than deep
reasoning, but they require stronger cross-modal
semantic alignment, and language-grounded visual
abstraction, enabling models to map perceptual
cues to high-level labels using natural language
supervision rather than handcrafted features.

For evaluation, recognition tasks are commonly

assessed using discriminative metrics such as accu-
racy, F1, or correlation with human ratings. While
suitable for measuring perceptual alignment and
cue sensitivity, these metrics fail to capture inter-
pretive depth or causal understanding required for
higher-level creative reasoning.

3.2 Level 2: Interpretation and Reasoning

Recognition reflects surface-level understanding,
where models map multimodal cues to labels, while
this level advances to deeper reasoning, requiring
models to explain why creative effects arise. Sur-
ficial Explanation produces descriptive or para-
phrastic explanations (Hu et al., 2024) that ver-
balize creative content, but does not explicitly
model underlying creative mechanisms or factors.
This task requires natural language generation abil-
ity (Vaswani et al., 2017; Mann et al., 2020), cross-
modal semantic alignment beyond label predic-
tion (Liu et al., 2023a), and basic social and com-
monsense knowledge (Zhang et al., 2024b), en-
abling models to produce fluent, plausible descrip-
tions by leveraging salient surface cues in a given
instance without explicit multi-step reasoning.

Deep Interpretation and Reasoning requires
models to explicitly reason about the mechanisms
underlying creative effects through structured or
theory-guided inference. It involves externaliz-
ing reasoning processes (e.g. CoT (Chen et al.,
2024b), multi-stages (Tikhonov and Shtykovskiy,
2024)), abstracting non-literal concepts such as
symbolism (Hussain et al., 2017; Yu et al., 2025) or
metaphor (Akula et al., 2023; Saakyan et al., 2024),
and integrating contextual (Wang et al., 2024b; Ku-
mari et al., 2025) or external knowledge (Sharma
et al., 2023c; Garg et al., 2025) to justify why a



creative effect arises rather than merely describing
what is present.

At this level, Evaluation must go beyond fluency
or surface plausibility. While surficial explanations
can be assessed via semantic relevance and visual
grounding (e.g., BERTScore (Zhang et al., 2019),
BLEU (Papineni et al., 2002)), deep interpretation
requires evaluating correct identification of rhetor-
ical mechanisms and reasoning quality—such as
correctness and consistency (Hu et al., 2024; Xiao
et al., 2024)—motivating explanation-aware and
evidence-based protocols (e.g., designed human
evaluation and G-Eval (Liu et al., 2023b)).

3.3 Level 3: Creativity Generation

Creative expression generation spans diverse out-
put forms—single-image (memes, humorous im-
ages, advertising posters), sequential (comics, vi-
sual narratives), and textual (captions, jokes)—with
cross-modal consistency as a primary challenge:
maintaining coherent creative intent and rhetorical
structure across disparate representations. The field
has evolved from pattern-based approaches that
relied on predefined templates or rules, to MLLM-
guided generation that produces flexible, context-
aware content through learned multimodal repre-
sentations. This shift requires models to move be-
yond pattern reuse toward deep interpretation and
reasoning, including internalizing creative mech-
anisms (e.g., incongruity (Tanaka et al., 2024),
metaphor (Chakrabarty et al., 2023), CoT (Zhong
et al., 2024; Wang et al., 2024a)), aligning mul-
timodal context with language generation (Shah-
mohammadi et al., 2023), and synthesizing novel
content grounded in learned representations and
knowledge priors.

Creative generation requires evaluating both out-
put quality and consistency with the intended cre-
ative intent. Existing automatic metrics largely as-
sess surface similarity or visual quality and struggle
to capture the diversity and subjectivity of human
creativity, making human evaluation still the most
reliable—yet costly—option.

4 Modeling Paradigms

Our literature review covers the decade from
2015 to 2025, capturing the paradigm shift from
early neural architectures to modern Foundation
Models. To ensure technical rigor, we included
peer-reviewed research and high-impact pre-prints
focused on non-literal multimodal intent, novel
benchmarks, or creative modeling paradigms. We

excluded text-only studies and papers restricted to
factual image captioning, as these lack the rhetori-
cal or creative complexity central to this survey.

4.1 Task Specific Models: Non-MLILM Era

Prior to MLLMs, creativity understanding was
dominated by task-specific discriminative archi-
tectures tightly coupled with individual tasks such
as sarcasm, humor, or metaphor detection.

Early models focused on effective fusion mecha-
nisms for heterogeneous features. Schifanella et al.
(2016) first incorporated visual cues into sarcasm
detection via separate encoders and concatenation,
while Cai et al. (2019) showed hierarchical fu-
sion of text, images, and attributes better captures
cross-modal interactions. Zhang et al. (2021) in-
troduced contrastive attention to explicitly model
inter-modal incongruity for finer detection of cross-
modal discrepancies.

Beyond fusion design, Later work empha-
sized implicit knowledge and commonsense.
HKT (Hasan et al., 2021) injected humor-related
knowledge into Transformer architecture for deeper
incongruity modeling. Lee et al. (2021) and Liang
et al. (2022) leveraged object-level visual repre-
sentations to construct richer contextual embed-
dings and cross-modal graphs, facilitating local-
ized reasoning over visual-textual conflicts. Liu
et al. (2022a) incorporated external commonsense
and semantic knowledge into hierarchical congruity
modeling, improving implicit intent interpretation.

Overall, non-MLLM approaches relied on
carefully-engineered fusion strategies and explicit
knowledge injection. While effective on specific
tasks, these models remained limited in scalabil-
ity and generalization, as summarized in related
surveys (Sharma et al., 2022b; Farabi et al., 2024).

4.2 Large Models: Current Era

With the rise of MLLMs, modeling paradigms
for human creativity have fundamentally shifted.
Beyond task-specific discriminative architectures,
LLM-based systems bring strong linguistic priors,
world knowledge, and abstraction capabilities that
enable not only recognition, but also explanation
and interpretation of creative phenomena. This
transition reframes multimodal creativity under-
standing from handcrafted feature fusion toward
alignment-driven representation learning, multi-
step reasoning, and knowledge-grounded interpre-
tation, laying the foundation for the three emerging
paradigms in the MLLM era: perceptual represen-



tation and multimodal alignment, reasoning mech-
anisms, and external knowledge integration.

Perceptual Representation and Multimodal
Alignment. Modeling of human creativity with
MLLMs is shifting from task-specific architectures
toward large-scale multimodal alignment, where
perception and semantics are jointly learned. Mod-
els such as SoMeLLVLM (Zhang et al., 2024b) show
that instruction tuning on creativity-oriented cor-
pora enables handling humor, memes, and implicit
intent without explicit symbolic pipelines. Com-
plementary directions explore architectural modu-
larity (Yu et al., 2024) to decouple perception and
reasoning, and text-centric representation strate-
gies (Hasan et al., 2023; Baluja, 2025) that reduce
fusion complexity while improving interpretability.

Beyond single-panel inputs, recent work extends
alignment to structured and long-form creativity
settings. YesBut-v2 (Liang et al., 2025) scales in-
struction tuning to multi-panel memes requiring
cross-panel reasoning; MeSum (Khan et al., 2024)
frames meme understanding as multimodal sum-
marization by fusing image, text, and audio with
vision backbones and LLMs; FunnyNet-W (Liu
et al., 2024b) adapts aligned representations to
video-based humor; and ComicsPAP (Vivoli et al.,
2025) targets multi-panel comic understanding.
Closely related, AI4VA-FG (Chen et al., 2025) im-
proves fine-grained comic understanding by learn-
ing region-aware visual representations via rein-
forcement learning, showing that more precise per-
ceptual alignment at the region level further en-
hances multimodal understanding in complex vi-
sual narratives.

In general, these methods offer high scalabil-
ity by using broad visual-linguistic priors to inter-
pret diverse creative content. While effective for
“surface-level” tasks like meme classification, it of-
ten suffers from semantic shallowness, relying on
superficial correlations rather than deep rhetoric.
This frequently leads to hallucinated intent, where
models invent plausible but incorrect justifications
for creative artifacts they cannot truly decode.

Reasoning Mechanics. Reasoning-based ap-
proaches emphasize explicit intermediate inference
processes for transparent, controllable interpreta-
tion rather than implicit representation. A promi-
nent line adopts CoT reasoning (Wei et al., 2022)
to expose intermediate semantic steps. Tanaka et al.
(2024) employs incongruity theory by prompting
models to reason through expectation violation be-

fore generating humor, while Gu et al. (2025) ex-
tends this at scale with human-annotated multi-
modal CoT traces for harmful memes, demonstrat-
ing that explicit reasoning substantially improves
both accuracy and interpretability over pattern-
based baselines.

Beyond vanilla CoT, recent work proposes
multi-step and theory-guided reasoning. Hu-
mor Mechanic (Tikhonov and Shtykovskiy, 2024)
demonstrates that structured multi-step reasoning
grounded in humor theory generalizes better than
single-pass predictions, motivating multimodal ex-
tensions. Zhang et al. (2025) explicitly encodes
humor theories into a staged framework, decompos-
ing understanding into sequential conflict detection,
resolution, and affective judgment.

Other studies highlight abstract, symbolic, and
cross-modal reasoning as essential for creativity un-
derstanding. Loakman et al. (2024) shows MLLMs
can perform explicit reasoning over sound symbol-
ism by aligning abstract auditory—visual associa-
tions, while Liu et al. (2025) probes reasoning over
non-literal, abstract visual concepts. Kundu et al.
(2025) and Qiu et al. (2024) further demonstrate
that interpreting metaphors, diagrams, or symbolic
graphics requires explicit multi-step reasoning over
latent structure rather than surface perception.

Collectively, these studies demonstrate that ex-
plicit reasoning enhances transparency by break-
ing down rhetorical conflicts into logical steps, en-
abling understanding that extends beyond simple
pattern matching. However, this comes at the cost
of increased computational latency and the risk of
reasoning drift, where models over-analyze simple
humor or become trapped in “logical loops” when
faced with ambiguity.

External Knowledge Integration. Understand-
ing multimodal creative expression often requires
knowledge beyond what is explicitly present in the
input, motivating the integration or retrieval of ex-
ternal knowledge. MemeX (Sharma et al., 2023c)
explicitly formulates meme understanding as an
explanatory evidence retrieval task, retrieving back-
ground documents to explain implicit cultural or
contextual references. Similarly, Garg et al. (2025)
and Kumari et al. (2025) incorporate external com-
monsense and cultural knowledge to better interpret
indecent or harmful memes, showing that offen-
siveness and intent cannot be inferred from surface
cues alone. In advertising, KAFA (Jia et al., 2023)
augments vision—language models with structured



ad-related knowledge to adapt visual features to-
ward persuasion-aware semantics. Beyond static
knowledge injection, Tang et al. (2024) leverages
retrieval-based external knowledge to improve ro-
bustness in sarcasm detection under domain shift.

These works demonstrate that external knowl-
edge integration via retrieval or adaptation is cru-
cial for grounding the understanding in cultural, so-
cial, and commonsense contexts. However, it might
introduce retrieval noise. Irrelevant or distractive
background data can interfere with the model’s in-
ternal logic, often obscuring the core message or
distracting the system from the specific visual cues
that drive the creative intent.

5 Datasets and Benchmarks

In this section, we organize resources by task com-
plexity, ranging from low-level recognition to high-
level interpretation and creative generation. De-
tailed summaries of datasets and benchmarks are
provided in Appendix Tables 1 and 2.

Recognition Resources. Early benchmarks for
multimodal creativity primarily focus on existence-
level recognition using simple textual or visual
cues. For example, in the domain of humor, initial
studies such as Inside Jokes (Shahaf et al., 2015)
and early meme-based work ground humor detec-
tion in textual comparison and incongruity mod-
eling (Tanaka et al., 2022). Subsequent bench-
marks (e.g., UR-FUNNY (Hasan et al., 2019b),
MUCH (Guo et al., 2024), and the Laughing Ma-
chine (Kayatani et al., 2021)) expand recognition
to audiovisual cues, dialogue context, and temporal
dynamics. More recent work further moves toward
fine-grained and socially grounded signals, includ-
ing laughter intensity and timing (Alnajjar et al.,
2022), multimodal laughter detection (Kuznetsova
and Strapparava, 2024), comic mischief (Bahar-
louei et al., 2024), and real-world reaction and
stand-up comedy videos (Hyun et al., 2024; Bar-
riere et al., 2025).

Overall, recognition datasets have shifted toward
fine-grained, sequential annotations but remain
classification-oriented and insufficient for evalu-
ating deep reasoning or generation.

Understanding and Generation Resources. Un-
derstanding and generation are closely linked at
the dataset level, as both are grounded in paired
multimodal inputs (e.g., image/video—text). Thus,
many datasets designed for understanding naturally
support generation-oriented evaluation, since inter-

preting creativity often requires producing struc-
tured language grounded in multimodal context.
In the MLLM era, datasets increasingly move
beyond descriptive captioning toward reasoning-
aware and knowledge-augmented evaluation. Early
resources such as MemeCap (Hwang and Shwartz,
2023), EXCLAIM (Sharma et al., 2023a), and
OxfordTVG-HIC (Li et al., 2023) extend caption-
ing into explanatory understanding by requiring
models to articulate intent or communicative goals,
though they largely remain at a surface-level rea-
soning stage. More recent datasets, including Me-
mentos (Wang et al., 2024b), MemeMind (Gu et al.,
2025), and MemeGuard (Jha et al., 2024a), explic-
itly incorporate human-written rationales or CoT
supervision to support deeper reasoning.

Complementarily, benchmarks such as the Yes-
But series (Hu et al., 2024; Nandy et al., 2024;
Liang et al., 2025), V-Flute (Saakyan et al., 2025),
UnPIE (Chung et al., 2024), and Zhong et al. (2024)
probe reasoning over incongruity, symbolism, and
implicit knowledge, while video-focused datasets
(e.g., Smile (Hyun et al., 2024), V-HUB (Shi et al.,
2025b), EmoVid (Qiu et al., 2025)) further extend
understanding and generation to temporal, affec-
tive, and social dynamics.

Overall, multimodal creativity datasets are mov-
ing beyond static recognition toward reasoning-
oriented understanding across visual, temporal, and
social cues, underscoring the need for fine-grained
annotations and explicit reasoning supervision.

6 Challenges and Future Directions

Despite rapid progress in MLLMs on literal scene
perception, a substantial gap remains between rec-
ognizing what is depicted and interpreting what is
meant in human creative expression. Understand-
ing these contents requires moving beyond physical
description toward socio-cultural, rhetorical, and
value-laden interpretation. This shift introduces a
distinct set of technical and conceptual challenges.
In this section, we synthesize the core challenges
and propose future directions for the community.

6.1 The Evaluation Crisis

A central limitation in current research lies in
evaluation. Most benchmarks rely on multiple-
choice questions (MCQs) or binary classification
tasks (Hessel et al., 2023a; Hu et al., 2024; Yang
et al., 2024). While these formats enable scalable
comparison, they are poorly aligned with the nature
of creative interpretation because:



First, such benchmarks often permit surface-
level shortcut learning (Li et al., 2024). Models
may exploit lexical cues, dataset artifacts, or an-
swer priors without engaging in genuine rhetorical
reasoning. Correctly selecting a label for a joke
or meme does not guarantee that the model under-
stands the underlying humor, irony, or critique.

Second, creativity interpretation is inherently
open-ended and subjective. They admit multi-
ple plausible readings depending on context and
audience. Reducing these phenomena to a single
“correct” option obscures interpretive depth and dis-
courages explanation-driven reasoning.

Future evaluation must therefore move beyond
discriminative setups toward explainable and gen-
erative assessments, where models are required to
articulate why an artifact is humorous, ironic, or
persuasive, and to justify their interpretations.

6.2 Data Granularity and Domain Diversity

To move beyond surface recognition, Al requires a
new generation of datasets that goes beyond simple
labeling. The first is need for granularity, where
existing datasets often treat “creativity”” as a mono-
lithic attribute. There is a pressing need for fine-
grained evaluation, separating the literal scene de-
scription from the figurative intent, the emotional
subtext, and the specific rhetorical device.
Moreover, the diverse domains of data remain
a problem. While social media memes are abun-
dant, more specialized creative forms, such as polit-
ical cartoons, visual satire, and culturally-specific
rituals, remain underrepresented. Creating high-
fidelity, expert-annotated datasets for these “long-
tail” domains is essential for robust model training.

6.3 Social Knowledge

Creative artifacts are deeply embedded in so-
cial context. Their meaning often depends on
shared background knowledge, implicit norms,
and assumptions about audience beliefs. Current
MLLMs, despite strong semantic modeling, remain
limited in their ability to reason about such social
pragmatics (Hu and Shu, 2023).

In particular, many failures stem from a lack of
theory-of-mind-like reasoning: models struggle
to infer whose perspective is being expressed, what
beliefs are being challenged, or how an audience
is expected to react. Moreover, creative expression
is frequently tied to temporally-evolving events,
trends, or controversies, requiring access to up-to-
date external knowledge.

Future systems must therefore integrate social
reasoning, explicit modeling of intent and audience,
and retrieval mechanisms that ground interpretation
in contemporary and community-specific context,
rather than treating creative artifacts as isolated.

6.4 Safety, Ethics, and Ownership

Detecting Hidden Harm and Bias. Creative me-
dia often embeds harmful narratives through irony,
sarcasm, and coded symbols, making subtle toxi-
city harder to flag than overt hate speech (Sharma
et al., 2022b). Detection is further complicated
by the multimodal nature of these formats—where
meaning emerges only from the interplay of text
and imagery—and cultural subjectivity, which of-
ten leads to inconsistent human annotations and
false positives (Cao et al., 2024).

Ensuring Safe and Unbiased AI Outputs. Gen-
erative models frequently mirror demographic bi-
ases, reinforcing societal prejudices at scale. While
alignment and filtering are standard mitigations,
they present a “safety-utility” trade-off: overly con-
servative filters can stifle benign creative expres-
sion, yet remain vulnerable to brittle multimodal
adversarial attacks (Lee et al., 2025). Ensuring safe,
unbiased interaction with human-centered creative
media remains an open challenge requiring layered
alignment and robust, continuous monitoring.

Copyright and Intellectual Property. Creative
datasets often scrape content from social media
and art platforms without explicit consent from
creators. This raises critical concerns regarding
data provenance and the “Right to Style.” As mod-
els move toward generation, the ability to mimic
a specific artist’s style or a writer’s satirical tone
without attribution poses a threat to the economic
and intellectual rights of human creators.

6.5 Conclusion

Multimodal human creative expression challenges
Al systems as its meaning extends beyond sur-
face perception. Achieving robust understand-
ing and generation therefore requires moving to-
ward socially and rhetorically grounded reasoning.
This survey introduces a unified taxonomy and a
capability-centric task hierarchy that clarify how
creative understanding progresses from recognition
to interpretation and generation. We further outline
future directions for meaningful, reliable, and re-
sponsible engagement with human-created media.



Limitations

Despite growing interest in multimodal creative ex-
pression, this survey has several limitations. First,
most existing research and datasets focus on West-
ern, internet-centric creative forms (e.g., memes,
cartoons), leaving many cultural traditions and non-
mainstream media underexplored. Moreover, while
our taxonomy offers a unified organizational frame-
work, real-world creative artifacts often span mul-
tiple data forms, mechanisms, and goals, making
strict categorization imperfect. Finally, as multi-
modal models evolve rapidly, some observations
may not fully generalize to future architectures or
training paradigms.

Ethical considerations

Understanding creative expression poses distinct
ethical challenges. Creative media may poten-
tially convey harmful or sensitive content implicitly
through humor, irony, or symbolism, increasing
the risk of misinterpretation, bias amplification,
or over-censorship. Dataset bias and cultural im-
balance further threaten fairness and robustness,
particularly for marginalized communities. In addi-
tion, many creative datasets raise unresolved copy-
right and ownership concerns, especially as mod-
els increasingly transition from understanding to
generation and style imitation. Addressing these is-
sues requires context-aware evaluation, transparent
dataset practices, and greater emphasis on inter-
pretability and human oversight when deploying
such systems.
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A Overview of Datasets and Benchmarks

Here we provide a comprehensive tabular overview
of datasets and benchmarks studied in this survey,
organized according to the unified taxonomy and
capability hierarchy introduced in the main paper.
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Table 1: Overview of multimodal human creativity datasets focused on Recognition tasks. Recognition datasets typically use
binary labels (e.g., humorous vs. non-humorous), element-level labels (e.g., persuasion techniques, punchlines, or rhetorical
roles), and intensity scores (e.g., degree of funniness or offensiveness) to capture different granularities of creative signals.
In Data Forms, StaVT denotes Static Visual-Textual Artifacts; SeqVN denotes Sequential Visual Narratives; PM denotes
Audio—Visual Performative Media. In Mechanism, Multi denotes this dataset contain multi rhetorical mechanics we define in
Sec. 2. The Availability column provides links to publicly accessible datasets and "N/A" indicate unpublished datasets.

Dataset Venue Data Forms Mechanism Communicative Goal Size  Availability
D-HUMOR (Kasuetal., ICDM’25  StaVT: Meme Multi Humor & Entertainment, 4,379 Link
2025) Satire & Social Critique
MemeMind (Gu et al., Arxiv’25 StaVT: Meme Multi Humor & Entertainment, 43,223 N/A
2025) Satire & Social Critique
TOXICN MM (Luetal.,, NeurIPS’24 StaVT: Meme Multi Humor & Entertainment, 12K Link
2024) Satire & Social Critique
PrideMM (Shah et al., EMNLP’24 StaVT: Meme Multi Humor & Entertainment, 5,063 Link
2024) Satire & Social Critique
BHM (Hossain et al., ACL24 StaVT: Meme Multi Humor & Entertainment, 7,148 N/A
2024) Satire & Social Critique
Ext-Harm-P (Sharma NAACL'23 StaVT: Meme Multi Humor & Entertainment, 4,446 Link
et al., 2022a) Satire & Social Critique
HVVMemes (Sharma EACL23 StaVT: Meme Multi Humor & Entertainment, 6,933 Link
et al., 2023b) Satire & Social Critique
RESTORE (Yadavetal.,, ACL'23 StaVT: Meme Multi Humor & Entertainment, 4,664 Link
2023) Satire & Social Critique
Dank or not? (Barnes App. Net. StaVT: Meme Multi Humor & Entertainment, 70K N/A
et al., 2020) Sci.’21 Satire & Social Critique
The Hateful Memes NeurIPS’20 StaVT: Meme Multi Humor & Entertainment, 10K Link
Challenge Set (Kiela Satire & Social Critique
et al., 2020)
Propaganda- ACL21 StaVT: Meme Multi Persuasion & Advertising 950 Link
techniques-in-memes
(Dimitrov et al., 2021a)
SemEval-2021  Task ACL21 StaVT: Meme Multi Persuasion & Advertising 950 Link
6 (Dimitrov et al.,
2021b)
SemEval-2020  Task  ACL’20 StaVT: Meme Multi Emotion & Aesthetic Ex- 10K N/A
8 (Sharma et al., 2020) perience
RedEval (Tang et al., NAACL24 StaVT: Sarcas- Sarcasm Satire and Social Critique 1,004 Link
2024) tic Image
SPMSD (Guo et al, COLING’24 StaVT: Sarcas- Sarcasm Satire and Social Critique 1K N/A
2025) tic Image
MSTI dataset (Wang ACL'22 StaVT: Sarcas- Sarcasm Satire and Social Critique 5,015 Link
et al., 2022) tic Image
Multi-Modal Sarcasm  ACL'19 StaVT: Sarcas- Sarcasm Satire and Social Critique 24,635 N/A
Detection in  Twit- tic Image
ter (Cai et al., 2019)
Sarcasm in Multimodal ~ACM StaVT: Sarcas- Sarcasm Satire and Social Critique 10K N/A
Social Platforms (Schi- MM’16 tic Image
fanella et al., 2016)
ArtELingo (Mohamed EMNLP’22 StaVT: Artwork  Multi Emotion & Aesthetic Ex- 80k Link
et al., 2024) perience
WikiArt Emotions (Mo- LREC’18  StaVT: Artwork  Multi Emotion & Aesthetic Ex- 4,105 Link
hammad and Kir- perience
itchenko, 2018)
AVA (Murray et al., CVPR’12  StaVT: Artwork Multi Emotion & Aesthetic Ex- 250K Link
2012) perience
HumorDB (Jain et al., ICCV’25 StaVT: Humor- Multi Humor & Entertainment 3,542 Link
2025) ous Image
Image Matters (Zhang COLING’24 StaVT: Hyper- Hyperbole Emotion & Aesthetic Ex- 2,160 Link
and Wan, 2024) bole image perience
Persuasion Strategies in ~ AAAI'23  StaVT: Poster Multi Persuasion & Advertising 64,832  Link
Advertisements (Kumar
etal., 2023)
DeepMoji (Felbo et al., EMNLP’17 StaVT: Emoji Multi Satire and Social Critique, 1246M  Link
2017) Emotion & Aesthetic Ex-

perience
Inside Jokes (Shahaf KDD’15 StaVT: Cartoon  Multi Humor & Entertainment 76,928 N/A

et al., 2015)
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https://github.com/LCS2-IIITD/DISARM
https://codalab.lisn.upsaclay.fr/competitions/906
https://docs.google.com/forms/d/e/1FAIpQLSeK8h2TvDt-XzZzvy0vWvjauDAX8eUXJ6OUuoAfd4ZqWQPqLA/viewform
https://www.drivendata.org/competitions/64/hateful-memes/
https://github.com/di-dimitrov/propaganda-techniques-in-memes
https://github.com/di-dimitrov/SEMEVAL-2021-task6-corpus
https://github.com/TangBinghao/naacl2024
https://github.com/wjq-learning/MSTI
https://www.artelingo.org/
https://saifmohammad.com/WebPages/wikiartemotions.html
https://github.com/imfing/ava_downloader
https://github.com/kreimanlab/HumorDB
https://github.com/lleozhang/Multimodal_Hyperbole
https://midas-research.github.io/persuasion-advertisements
https://github.com/bfelbo/DeepMoji

(Continued with Table 1)

Dataset Venue Data Forms Mechanism Communicative Goal Size  Availability
COMICORDA (Martinek COLING’24 SeqVN: Comic  Narrative Humor & Entertainment 1,438 N/A
et al., 2024) Strip

AVH & FOR (Chan- CVPR’16  SeqVN: Comic  Narrative Humor & Entertainment 7,150 Link
drasekaran et al., 2016) Strip

StandUp4Al (Barriere @EMNLP-  PM: Short-form  Multi Humor & Entertainment ~ 330.00  Link
et al., 2025) Findings’25 Video hours
Multimodal Comic Mis- COLING’24 PM: Short-form  Multi Humor & Entertainment ~ 74.63 Link
chief Dataset (Bahar- Video hours

louei et al., 2024)

DY1lk (Liu et al., ICMR’24  PM: Short-form  Multi Humor & Entertainment ~ 35.38 Link
2024a) Video hours

SMILE (Hyun et al, NAACL-  PM: Short-form  Multi Humor & Entertainment  14.41 Link
2024) Findings’24 Video hours

Friends (Alnajjar et al., COLING’22 PM: Short-form  Multi Humor & Entertainment  78.60 N/A
2022) Video hours

MUCH (Guo et al., COLING’24 PM: Video Multi Humor & Entertainment 62.00 Link
2024) hours
Multimodal and Multi- COLING’24 PM: Video Multi Humor & Entertainment  17.00 Link
lingual Laughter Detec- hours

tion (Kuznetsova and

Strapparava, 2024)

The Laughing Ma- WACV’21 PM: Video Multi Humor & Entertainment ~ 77.42 N/A
chine (Kayatani et al., hours

2021)

MUStARD (Castro ACL20 PM: Video Sarcasm Satire and Social Critique  9.31 Link
et al., 2019) hours
UR-FUNNY (Hasan EMNLP’19 PM: Video Multi Humor & Entertainment  90.23 Link
et al., 2019b) hours
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https://github.com/GT-Vision-Lab/abstract_scenes_v002
https://github.com/Standup4AI/dataset
https://github.com/RiTUAL-MBZUAI/Comic-Mischief-Prediction
https://github.com/yliu-cs/CVLA
https://github.com/kaist-ami/SMILE-Dataset
https://drive.google.com/drive/folders/1k-hyfgcJdcpYBKUKuItz1rpuAN5s8GzA
https://github.com/kuzanna2016/multimodal_humour
https://github.com/soujanyaporia/MUStARD
https://github.com/ROC-HCI/UR-FUNNY?tab=readme-ov-file

Table 2: A collection of datasets for multimodal creative and Generation. Understanding and generation datasets
typically pair multimodal inputs with explanations or rationales—often augmented with contextual or external knowledge—to
justify why creativity arises, alongside target creative outputs that support coherent and controllable generation across modalities
(e.g., Memes, Comics or Videos + Caption/Rationales). In Data Forms, StaVT denotes Static Visual-Textual Artifacts; SeqVN
denotes Sequential Visual Narratives; PM denotes Audio—Visual Performative Media. In Mechanism, Multi denotes this dataset
contain multi rhetorical mechanics we define in Sec. 2. The Availability column provides links to publicly accessible datasets,
and "N/A" indicates unpublished datasets.

Dataset Venue Data Forms Mechanism Communicative Goal Size  Availability
MemeReaCon (Zhao EMNLP’25  StaVT: Meme Multi Satire & Social Critique 1,565 N/A
et al., 2025)
MEMESAFETY- EMNLP’25 StaVT: Meme Multi Humor & Entertainment 50,430 Link
BENCH (Lee et al.,
2025)
MemeMind (Gu et al., Arxiv’25 StaVT: Meme Multi Humor & Entertainment, 43,223 N/A
2025) Satire & Social Critique
MemeQA (Nguyen ACL25 StaVT: Meme Multi Humor & Entertainment 9K Link
et al., 2025)
SEMANTICMEMES NAACL’24  StaVT: Meme Multi Humor & Entertainment, 3.8M Link
(Zhou et al., 2024) Satire & Social Critique
MMD (Khan et al., EMNLP- StaVT: Meme Multi Humor & Entertainment 13,494 Link
2024) Findings’24
MultiBully-Ex (Jha EACL24 StaVT: Meme Multi Humor & Entertainment 5,854 Link
et al., 2024b)
Oogiri-GO (Zhong CVPR’24 StaVT: Meme Multi Humor & Entertainment 130K Link
etal., 2024)
MemeMQACorpus (Agar- ACL- StaVT: Meme Multi Humor & Entertainment 1,880 N/A
wal et al., 2024) Findings’24
ICMM (Jha et al., ACL24 StaVT: Meme Multi Humor & Entertainment 1K Link
2024a)
OxfordTVG-HIC (Li ICCV’23 StaVT: Meme Multi Humor & Entertainment  2.9M Link
et al., 2023)
MEMECAP (Hwang EMNLP’23  StaVT: Meme Multi Humor & Entertainment 6,300 Link
and Shwartz, 2023)
MCC (Sharma et al., ACL23 StaVT: Meme Multi Humor & Entertainment 3,4K Link
2023c¢)
HatReD (Hee et al.,, I1JCAI'24 StaVT: Meme Multi Satire & Social Critique 3,228 Link
2023)
ExHVYV (Sharma et al., AAAI’22 StaVT: Meme Multi Humor & Entertainment 3K Link
2023a)
HAIVMet (Chakrabarty ~ACL’23 StaVT: Artwork  Metaphor Humor & Entertainment, 6,476 Link
et al., 2023) Emotion & Aesthetic Ex-

perience
ArtELingo (Mohamed EMNLP’22  StaVT: Artwork  Multi Emotion & Aesthetic Ex- 80k Link
etal., 2024) perience
LAION- NeurIPS’22  StaVT: Artwork  Multi Emotion & Aesthetic Ex- 51.9M Link
Aesthetics (Schuhmann perience
et al., 2022)
ArtEmis  (Achlioptas CoRR’21 StaVT: Artwork ~ Multi Emotion & Aesthetic Ex- 81,446  Link
etal., 2021) perience
HumorBench (Narad Arxiv’25 StaVT: Cartoon  Multi Humor & Entertainment 300 N/A
et al., 2025)

Humor in Al (Zhang NeurIPS°’24  StaVT: Cartoon Incongruity = Humor & Entertainment  2.2M Link
et al., 2024a)

Do Androids Laugh at ACL’23 StaVT: Cartoon ~ Multi Humor & Entertainment 24,048 N/A
Electric Sheep? (Hessel

et al., 2023b)

V-FLUTE  (Saakyan NAACL'25 StaVT: Social Multi Humor & Entertainment, 6,027 Link
et al., 2025) Media Image Satire & Social Critique
SoMeLVLM (Zhang ACL24 StaVT: Social Multi Humor & Entertainment, 653.8K  Link
et al., 2024b) Media Image Satire & Social Critique,

Emotion & Aesthetic Ex-

perience
HumorDB (Jain et al., ICCV’25 StaVT: Humor- Multi Humor & Entertainment 3,542 Link
2025) ous Image
VisualPun_UNPIE EMNLP’24  StaVT: Humor- Incongruity Humor & Entertainment 1K Link
(Chung et al., 2024) ous Image
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https://huggingface.co/datasets/oneonlee/Meme-Safety-Bench
https://github.com/npnkhoi/memeqa
https://github.com/naitian/social-memeing
https://github.com/anas2908/MeSum
https://github.com/Jhaprince/MemeExplanation
https://huggingface.co/datasets/zhongshsh/CLoT-Oogiri-GO
https://github.com/Jhaprince/MemeGuard
https://drive.google.com/drive/folders/1BDuUcMeaWrFD8TwgHLhFPkuAwmoHaVNQ
https://github.com/eujhwang/meme-cap
https://github.com/LCS2-IIITD/MEMEX_Meme_Evidence
https://github.com/Social-AI-Studio/HatReD
https://github.com/LCS2-IIITD/LUMEN-Explaining-Memes
https://github.com/tuhinjubcse/VisualMetaphors
https://www.artelingo.org/
https://huggingface.co/datasets/laion/laion2B-en-aesthetic
https://github.com/optas/artemis
https://huggingface.co/datasets/yguooo/newyorker_caption_ranking
https://huggingface.co/datasets/ColumbiaNLP/V-FLUTE
https://huggingface.co/datasets/Lishi0905/SoMeData
https://github.com/kreimanlab/HumorDB
https://huggingface.co/datasets/jiwan-chung/VisualPun_UNPIE

(Continued with Table 2)

sain et al., 2017)

Dataset Venue Data Forms Mechanism Communicative Goal Size  Availability
ImageMet (Kundu et al., EMNLP- StaVT: Metaphor Emotion & Aesthetic Ex- 2,527 N/A
2025) Findings’25  Metaphor perience

Image
MangaUB (Ikuta et al., IEEE SeqVN: Comic  Narrative Humor & Entertainment 18,179  Link
2025) MM’25 Strip
AI4VA-FG (Chen et al., Arxiv’25 SeqVN: Comic  Narrative Humor & Entertainment 16,264 N/A
2025) Strip
PixelHumor (Ryan EMNLP- SeqVN: Comic  Multi Humor & Entertainment  2.8K Link
et al., 2025) Findings’25  Strip
YesBut-v2 (Liang et al.,,  Arxiv’25 SeqVN: Comic  Multi Humor & Entertainment 1,262 Link
2025) Strip
YesBut (Hu et al., 2024) NeurIPS’24  SeqVN: Comic  Multi Humor & Entertainment 348 Link

Strip
YesBut (synthetic 3D EMNLP’24  SeqVN: Comic  Multi Humor & Entertainment 2,547 Link
stick) (Nandy et al, Strip (synthetic)
2024)
ComicsPAP  (Vivoli  Arxiv’'25 SeqVN: Comic  Narrative Humor & Entertainment 103,933  Link
et al., 2025) Strip
XMeCap (Chen et al., ACM SeqVN: Meme  Multi Humor & Entertainment 12,320 N/A
2024a) MM’24
Laugh, Relate, Engage  Arxiv’25 PM: Short-form  Multi Humor & Entertainment 1K N/A
(Ouyang et al., 2025) Video
V-HUB (Shi et al., Arxiv'25 PM: Short-form  Multi Humor & Entertainment  4.00 N/A
2025b) Video hours
EmoVid (Qiu et al., Arxiv’25 PM: Short-form  Symbolism  Emotion & Aesthetic Ex- 39.00 N/A
2025) Video perience hours
ExFunTube (Ko et al., EMNLP’23  PM: Short-form  Multi Humor & Entertainment ~ 84.00 Link
2023) Video hours
MUStARD (Castro  ACL20 PM: Short-form  Sarcasm Satire & Social Critique ~ 9.31 Link
etal., 2019) Video hours
AdsVQA (Long et al., ICCV’25 PM: Ads Video Multi Persuation & Advertising 1,544 Link
2025) (22.70

hours)
LAMDBA (Harinietal., WACV’25 PM: Ads Video Multi Persuasion & Advertising 2,205 Link
2025)
TV Ads (Tao et al., Multimedia PM: Ads Video  Multi Persuasion & Advertising 14,490 N/A
2024) Tools
App.’24

MM-AU (Bose et al., ACM PM: Ads Video  Multi Persuasion & Advertising  147.00 N/A
2023) MM’23 hours
Automatic Understand- CVPR’17 StaVT & PM: Multi Persuation & Advertising 64,832 Link
ing of Image and Video Ads Poster & &
Advertisements (Hus- Video 3,477
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http://www.manga109.org/en/mangaub.html
https://github.com/Social-AI-Studio/PixelHumor
https://huggingface.co/datasets/zhehuderek/YESBUT_Benchmark
https://huggingface.co/datasets/zhehuderek/YESBUT_Benchmark
https://huggingface.co/datasets/bansalaman18/yesbut
https://huggingface.co/datasets/VLR-CVC/ComicsPAP
https://github.com/dayoon-ko/ExFunTube
https://github.com/soujanyaporia/MUStARD
https://github.com/TsinghuaC3I/AdsQA
https://behavior-in-the-wild.github.io/memorability.html
https://people.cs.pitt.edu/~kovashka/ads/
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