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Abstract

Multimodal Satire Detection (MSD) aims to
identify implicit criticism and stance in so-
cial media. However, existing MSD bench-
marks mainly use user generated content and
predominantly consist of realistic photographs,
where satire is often conveyed through overt
image text incongruity. By contrast, increas-
ingly popular editorial cartoons convey satire
through symbolic and metaphorical cues, re-
quiring models to infer latent intent and prag-
matics. To address these limitations, we pro-
pose MSCE, a dedicated evaluation benchmark
for Multimodal Satirical Cartoons Evaluation.
As a strong baseline for MSCE, we introduce a
novel explainable framework named DOUBLE.
DOUBLE endows Multimodal Large Language
Model (MLLM) with a Clue2View mechanism
to explicitly model interpretation through two
complementary views: a literal on-canvas view
and a metaphorical beyond-canvas view. In
addition, DOUBLE incorporates a lightweight
Small Language Model Arbiter to distill reason-
ing traces from the MLLM, ensuring reliable
predictions with lower computational costs. Ex-
periments on MSCE demonstrate that DOU-
BLE achieves the best performance, showcas-
ing its ability to provide clear, well-grounded
rationales for complex satirical cartoons.

1 Introduction

Satire has become a prevalent rhetorical device on
social media, enabling users to comment on pub-
lic affairs and signal stance. Satirical posts often
employ overtly incongruent expressions to implic-
itly criticize or attack a target (Farabi et al., 2024;
Tiwari et al., 2023). Effective identification and
interpretation of multimodal satire is therefore con-
sequential for a range of downstream applications,
including misinformation detection (Rubin et al.,
2016; Bedard and Schoenthaler, 2018; De Sarkar
et al., 2018), public opinion monitoring (Lu et al.,
2025), and sentiment analysis (Joshi et al., 2017;
Mishra et al., 2016).
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Figure 1: Comparison of image types in multimodal
satire detection datasets. & Human inspired two stage
satire interpretation.

Recently, the community has established sev-
eral multimodal satire benchmarks on open so-
cial platforms, such as MMSD (Cai et al., 2019),
MMSD2.0 (Qin et al., 2023), and SarcNet (Yue
et al., 2024). They also have facilitated standard-
ized evaluation and rapid methodological progress.
A common assumption in prior work is that cross
modal incongruity is a primary cue for satire (Pan
et al., 2020; Liang et al., 2021). Models can lever-
age this incongruity to detect satire and achieve
state of the art performance in open domain social
media (Liang et al., 2022; Qiao et al., 2023; Wang
et al., 2024a).

However, when the scope of investigation ex-
tends to satirical cartoons, existing benchmarks,
which primarily feature realistic photographs or
illustrations, exhibit notable limitations in two re-
spects. (1) Most existing datasets are simply and
directly collected from social media user gener-
ated content, where creators often elicit satire via
explicit image text conflicts. As illustrated in Fig-
ure 1(a) and (b), the satire is easy to infer because it
hinges on an explicit mismatch, either the caption
praising “delicious” food despite burnt toast or the
stark contrast between excessive stockpiling and
subsequent waste. However, when satire is con-
veyed primarily through such obvious surface-level



cues, models may shortcut the reasoning process
and simply learn to detect salient anomalies. (2)
Recently, cartoons are a widely used for satire in
news commentary and public discourse (Kundu
et al., 2025). Crucially, cartoon satire rarely relies
on overt cues. Instead, it emerges from the com-
bination of symbolism and metaphor, suggestive
narratives, background knowledge about events and
eras, and intent inference. As a result, when satiri-
cal cues are veiled and the cartoon conveys an un-
derlying critical stance, models are more prone to
misclassification. For example, Figure 1(c) con-
veys satire through symbols (top hat & suit —
capitalist; frail body — working class), metaphor
(devouring — predatory exploitation), and context
(empty speech bubble — hollow promises). There-
fore, existing Multimodal Satire Detection (MSD)
benchmarks may fall short in evaluating non contra-
diction based satire, motivating a dedicated bench-
mark for editorial cartoons.

To address these limitations, we introduce
MSCE, the first Multimodal Satirical Cartoon
Evaluation benchmark, which contains 2,016 im-
age—text pairs collected from satirical cartoons
published in the Satire and Humor supplement
of People’s Daily. MSCE focuses on cartoons
whose image and text are surface consistent, where
satire arises from implicit intent rather than shallow
conflicts. Furthermore, it evaluates core abilities
for MSD, including symbol recognition, metaphor
mapping, contextual and era specific knowledge
use, and intent conflict inference. However, most
existing satire detection approaches treat cross
modal incongruity as the primary cue, and they
encounter two major challenges on MSCE as fol-
lows:

C1: From surface consistency to metaphorical
reasoning. Unlike conventional MSD, where satire
is typically signaled by explicit cross modal in-
congruity, editorial cartoons often maintain sur-
face consistency between text and image. And the
surface consistency conceals the underlying satiri-
cal intent. Detecting such satire therefore requires
metaphorical understanding beyond surface seman-
tics. In particular, models must perform multi-hop
reasoning that maps concrete visual symbols, such
as a broken bowl, to abstract concepts like eco-
nomic crisis, a capability that contradiction-based
approaches fail to capture.

C2: Complexity of disentangling Literal Nar-
rative and Satirical Intent. In editorial cartoons,
satirical cues are interwoven with literal narratives,

so indiscriminate fusion can let salient but non de-
cisive signals dominate and increase misclassifica-
tion. Even MLLMs may resort to coherent post
hoc stories without isolating true satirical triggers.
Therefore, effective satire detection requires ex-
plicit multi-perspective modeling: one encodes
the on-canvas literal narrative, another captures
beyond-canvas contextual intent, and the final pre-
diction is derived from their contrast.

To address the challenges, we propose
DOUBLE, a novel cartoon-oriented satire de-
tection framework powered by Deriving On-
canvas Understanding and Beyond-canvas Logic
Extraction. DOUBLE can explicitly models
the reasoning process to yield clear, evidence-
grounded rationales. It is inspired by the progres-
sive way humans interpret satirical cartoons (see
Figure 1 (d)). (1) Readers first form a surface nar-
rative from on-canvas content, and (2) then use
salient cues to retrieve beyond-canvas context to
(3) infer a deeper target and intent. Consequently,
satire arises from the contrast between the surface
reading and the context-enriched interpretation. Ac-
cordingly, we introduce Clue2View, a dual-view
mechanism that generates: (i) a literal non-satirical
explanation grounded in on-canvas cues, and (ii) a
context-enriched satirical explanation by integrat-
ing beyond-canvas knowledge, enabling models to
move beyond surface consistency and better detect
metaphor-driven satire.

Although fine-tuning multimodal large language
models (MLLMs) with Clue2View substantially
improves performance on MSD, it incurs expen-
sive computational cost and limits practical usabil-
ity. To address this issue, we further propose a
Small Language Model Arbiter (SLM Arbiter)
that serves as an efficient and reliable decision
maker within DOUBLE. Built upon a small lan-
guage model, SLM Arbiter distills knowledge from
Clue2View to refine the outputs of MLLMs through
lightweight fine-tuning, ensuring reliable predic-
tions with low computational cost. We summarize
our main contributions as follows.

¢ We further introduce MSCE, the first bench-
mark for satirical cartoon detection that fo-
cuses on veiled multimodal satire and requires
deep contextual and symbolic reasoning.

* We propose DOUBLE, an explainable frame-
work for MSD that is inspired by this progres-
sive human reasoning process. As a strong



baseline on MSCE, DOUBLE enables reli-
able detection even when image and text are
surface consistent, while providing verifiable
evidence.

» Extensive experiments and case studies on
MSCE show that DOUBLE substantially out-
performs existing approaches for MSD, and
it establishes a strong baseline for future re-
search.

The code and data for our proposed DOUBLE
and MSCE are available at https://anonymous.
4open.science/r/DOUBLE-5577/.

2 Related Work

2.1 Multimodal Satire Detection Benchmarks

Various benchmarks have been introduced for
MSD. Cai et al. (Cai et al., 2019) formulated
MSD on Twitter image—text posts and released
the MMSD dataset. Qin et al. (Qin et al., 2023)
subsequently refined MMSD by removing spuri-
ous cues and proposed MMSD2.0. Further, Desai
et al. (Desai et al., 2022) introduced the task of
multimodal satire explanation and constructed the
MORE dataset, where each instance is equipped
with natural language explanation. To evaluate the
capabilities of vision language models, the YesBut
benchmark adopted a multi task setup to assess
whether models truly understand and can explain
satire (Nandy et al., 2024). In the cross lingual
setting, SarcNet (Yue et al., 2024) provides English
and Chinese image—text pairs, complementing mul-
tilingual evaluation for MSD.

Most existing datasets rely primarily on realis-
tic photographic images, which tends to simplify
satire understanding. Even YesBut, despite includ-
ing cartoonist produced illustrations, offers limited
coverage of core cartoon satire mechanisms, includ-
ing symbolism, metaphor, and contextual inference.
To address these gaps, we introduce a benchmark
of multimodal satirical cartoons that emphasizes
implicit satire and demands complex contextual rea-
soning, aiming at promoting context driven satire
understanding.

2.2 Multimodal Satire Detection Methods

Most existing approaches to MSD are grounded in
modality incongruity, assuming that satire arises
from semantic or affective conflict between text and
vision (Cai et al., 2019; Pan et al., 2020; Liang et al.,
2022). Despite strong performance on social media

benchmarks, these methods are limited in visual
symbol grounding and deep metaphor reasoning,
both of which are crucial for satirical cartoons and
are often cross modal consistent.

With the rapid progress of multimodal foun-
dation models, recent work leverages LLMs to
reformulate MSD. (Tang et al., 2024) uses in-
context learning with retrieved similar demonstra-
tions, (Jana et al., 2024) applies soft prompt tun-
ing to highlight cross modal conflicts, and (Wang
et al., 2024b) employs a multiagent pipeline that
combines semantic and affective analyses for final
prediction. However, these methods have two key
limitations. First, they rarely provide verifiable evi-
dence and explicit reasoning, making errors hard
to diagnose and explanations less reliable. Sec-
ond, they inadequately model visual symbols and
metaphors.

To address this limitation, we propose novel
DOUBLE, which consists of Clue2View and SLM
Arbiter. It detects satire by measuring the inten-
tional divergence between two views, while ex-
plicitly modeling the underlying reasoning pro-
cess, which remains informative even under surface
cross modal consistency. DOUBLE further em-
ploys a lightweight SLM Arbiter to refine MLLM
outputs, mitigating hallucinations while maintain-
ing effective and efficient inference.

3 MSCE Benchmark

In this study, we introduce MSCE, a benchmark of
editorial cartoons where satire is conveyed through
symbolism, metaphor, and contextual inference
rather than explicit image-text contradiction.

3.1 Data Collection

We construct our benchmark by crawling editorial
cartoons from Satire and Humor , a comic supple-
ment of People’s Daily. The collected cartoons
span a diverse set of topics, including international
affairs, domestic social news, and issues related to
everyday livelihood. In total, we gather 2,016 car-
toon instances. Each instance contains a title and
the cartoon image, and a subset further includes
editor-provided background descriptions released
by Satire and Humor.

For samples whose background descriptions are
excessively long, we manually rewrite the descrip-
tions to improve conciseness and consistency, en-
suring that each rewritten background context is
limited to approximately 100 Chinese characters


https://anonymous.4open.science/r/DOUBLE-5577/
https://anonymous.4open.science/r/DOUBLE-5577/
https://anonymous.4open.science/r/DOUBLE-5577/

Text Input Class Train Validation Test Total
.. BEUD BN BHR e
e+ Brkgomd S ARG REID S BIN  5sm
Total Sarcastic 1,220 (71.22%) 69 (69.00%) 146 (71.92%) 2,016

Non-Sarcastic

493 (28.78%)

31 (31.00%) 57 (28.08%)

Table 1: Distribution of satiric and non-satiric samples across dataset splits under different text-input settings.

while preserving the essential context required to
interpret the satire.

3.2 Dataset Annotation

To ensure high-quality annotations, we conduct
manual labeling using the open-source platform
Label Studio (Tkachenko et al., 2020-2025). Three
master’s students conducted three rounds of inde-
pendent annotation and verification. All annotators
are native Chinese speakers and possess sufficient
linguistic proficiency and reading comprehension
to reliably identify satirical intent in cartoons.

Prior to annotation, we randomized the distribu-
tion of samples to ensure each annotator received
a diverse subset of cartoons. During the label-
ing process, annotators were presented with either
(i) the cartoon image and its title, or (ii) the im-
age, title, and accompanying background context.
Ground truth labels were determined via major-
ity vote. Detailed annotation instructions can be
found in Appendix A. We assess inter-annotator
reliability using Fleiss’ Kappa and obtain a score
of 0.6302, indicating substantial agreement among
annotators (Landis and Koch, 1977).

3.3 Dataset Analysis

Table 1 reports the class distribution across all
splits.  Overall, (1) the benchmark contains
2,016 instances, with 1,713/100/203 samples in
train/validation/test, respectively. (2) Most samples
provide only the title as textual input (63.44%). (3)
Sarcastic cartoons dominate all splits (69%—72%),
indicating a stable class distribution.

Figure 2 reports topic-level statistics of our
dataset. Figure 2 (a) shows the relative preva-
lence of 11 topics, with Economy accounting
for the largest share (15.8%), followed by Work-
place (14.5%) and Education (14.1%). Technol-
ogy (12.6%) and Environment (11.5%) also con-
stitute substantial portions, whereas Real Estate is
the least represented topic (0.7%). Figure 2 (b)
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Figure 2: Dataset statistics by topic: (a) topic distribu-
tion and (b) satire distribution within each topic.

further breaks down each topic into sarcastic and
non-sarcastic subsets. Satire is dominant in most
topics, while Education is nearly balanced between
the two classes.

4 Methodology: DOUBLE

Problem Formulation. LetC = {7,V} denote
an editorial cartoon instance, comprising a textual
modality 7 and a visual modality V. The goal of
MSD is to determine whether C conveys satire by
jointly modeling both modalities.

Overview. We first propose Clue2View, a dual-
view explanation mechanism for MSD. It explic-
itly models interpretation through two complemen-
tary views. (1) On-Canvas View guides MLLMs
to parse the cartoon and text into a Literal Scene
Graph (LSG), which captures explicitly depicted
entities and their spatial relations, providing a faith-
ful description of the visual content. Based on
the LSG, the model then produces a non-satirical
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Figure 3: The structure of our proposed DOUBLE framework. (1) Clue2View provides complementary literal and
satirical interpretations based on the Literal and Refined Scene Graphs, respectively. (2) The SLM Arbiter is to

distill the reasoning traces from Clue2View to facilitate

interpretation that summarizes the literal, factual
content. (2) Beyond-Canvas View further instructs
MLLMs to enrich the LSG with commonsense and
world knowledge, yielding a Refined Scene Graph
(RSG) that explicitly represents intent conflicts un-
derlying satire. Conditioned on the RSG, the model
generates a satirical interpretation that explains the
implied meaning. We further introduce SLM Ar-
biter to distill and validate the reasoning traces
from MLLMs, improving the reliability of the final
prediction. Figure 3 provides an overview of our
proposed DOUBLE framework.

4.1 Clue2View Mechanism

For the textual modality 7", we extract the cartoon
metadata, including the title and the background
context (when available), and denote it as 7,,,. For
the visual modality, we encode the cartoon image
and obtain its visual representation, denoted as Z..
The detailed feature extraction procedure is pro-
vided in Appendix D.

4.1.1 On-Canvas View

Cartoonists often conceal their critical stance be-
hind seemingly ordinary scenes, intentionally cre-
ating a gap between the literal depiction and the
underlying intention. Existing multimodal models
often rely primarily on shallow text image align-
ment cues, rather than high level evidence essen-
tial for satire such as intent conflicts and implied
stances. Consequently, it is necessary to reorganize
raw inputs into structured, reasoning-oriented clues.

reliable satire detection.

To address these problems, Clue2View first refines
the multimodal content by extracting salient visual
and textual clues to construct a multimodal scene
graph, and then rewrites the graph into semantically
grounded statements.

We first develop a vision-centric strategy to re-
fine the literal scene content of multimodal comics.
The strategy retains only information that is di-
rectly observable in the image and the accompany-
ing text. Specifically, it preserves explicit entities,
relations, and attributes while discarding external
world knowledge, cultural assumptions and infor-
mation that requires metaphorical interpretation.
This restriction yields an objective and intuitive
representation that is grounded in the comic itself.

Given a multimodal comic instance C, we gen-
erate a literal scene graph L, following the tem-
plate prompt Prompt, in Step 1 of Figure 6 in Ap-
pendix D. The generation process is:

['sg = F(Ca Promptl)v (1)

where F(-) denotes the MLLM.

Moreover, since a non-sarcastic reading is es-
sentially an objective statement of the explicit con-
tent conveyed by the sample, we further derive a
non-sarcastic interpretation from the L,. Specif-
ically, guided by the template prompt Prompt, in
Step 2 of Figure 6 in Appendix D, we obtain the
non-sarcastic interpretation: V,,,,, defined as:

Vnon = F(Lsg, Prompts). 2)



4.1.2 Beyond-Canvas Sarcastic Interpretation

This step guides the MLLMs to construct a refined
scene graph R, for a given multimodal satirical
comic. We construct Rgs from the Lg, and a fact-
oriented description D. The description serves as
a high-level semantic anchor, which specifies the
retrieval intent and constrains the integration of rel-
evant world knowledge. In other words, this design
reduces semantic drift during knowledge injection
and emphasizes the satirical focus. As a result,
the R, integrates external commonsense knowl-
edge with the information in D, which improves
structured modeling of satirical semantics. For a
multimodal comic sample C, the R, is generated
using the template Prompt; in Step 3 of Figure 6
in Appendix D. We formalize this process as:

Rsg = F([Lsg; D], Prompts), 3)

where [; ] denotes concatenation.

Based on the semantic relations and metaphor-
ical cues provided by the L, and the R4, the
model can further perform a deeper sarcastic in-
terpretation and inference. The model identifies
key semantic conflicts and forms explicit reasoning
traces. These traces explain the satirical interpre-
tation, thereby enhancing both interpretability and
transparency. The sarcastic reasoning output is
guided by the template Prompt, in Step 4 of Fig-
ure 6 in Appendix D, and is formalized as:

Vsatire

= F([Lsgi Rsg), Prompts).  (4)

By leveraging the logically rigorous and co-
herent Clue2View mechanism, our framework
effectively addresses key limitations of prior
work (Wang et al., 2024b; Tang et al., 2024; Jana
et al., 2024). Existing MSD methods often rely pri-
marily on cross-modal incongruity, overlook hallu-
cinations in MLLMs predictions, and provide lim-
ited semantic analysis for metaphor-rich cartoons,
which leads to weak performance on non-obvious
satire. In contrast, Clue2View explicitly models
both literal semantics and deeper intentions, and
derives complementary reasoning traces from these
representations. This explicit reasoning modeling
yields more informative evidence for decision mak-
ing and translates into substantial gains in predic-
tion accuracy.

4.2 Small Language Model Arbiter

Although MLLMs can produce predictions through
our carefully designed four-step pipeline, satire

detection fundamentally relies on holistic and in-
tuitive cognition rather than a sequence of logical
inferences (Zhang et al., 2025). This characteris-
tic makes it difficult for MLLMs to reach stable
and accurate judgments. Moreover, MLLMs suffer
from systematic unfaithfulness (Turpin et al., 2023):
their intermediate reasoning and generated ratio-
nales may not faithfully reflect the actual decision
process, and can even contain hallucination. While
task-specific fine-tuning of MLLMs for MSD can
partially mitigate these issues, the practical utility
of this approach is limited by the massive param-
eter count of the MLLMs and the corresponding
computational costs.

To address these limitations, we propose SLM
Arbiter, which distills the outputs of MLLM into
a substantially SLM. By fine-tuning this compact
model, we obtain a more reliable and deployable
solution with far fewer trainable parameters and
markedly improved computational efficiency. The
fine-tuning procedure can be formulated as:

S(x) = L10L1—10- 0L p110L T Fo- -0 LT (), (5)

where £; denotes the i-th Transformer encoder
layer. During training, only the final f layers, from
L1 f41 to Ly, are updated, while all earlier layers
remain frozen. This design preserves the capac-
ity of SLM Arbiter to audit and verify the outputs
of the MLLM, while achieving significantly lower
training and inference costs.

We concatenate the text 7,,, from a satirical car-
toon with a non-satirical interpretation V,,,, and a
satirical interpretation Vgqyire, and feed the result-
ing sequence into SLM Arbiter to obtain the textual
feature representation required for prediction:

H; = S([Tma Vinon; Vsatire])y (6)

where n denotes the concatenated sequence length
and d; is the hidden dimension. For the visual
representation H, € R™*%  we extract features
from the cartoon image 7. using a pretrained Vision
Transformer (ViT) (Zhang and Yang, 2021): H,, =
ViT(Z.), where n, and d,, denote the numbers of
patches and the feature dimension, respectively.
To align the text feature H; and the visual
feature H,, we use MLP-based nonlinear pro-
jections Wy(-) and ¥,(-) to map them into a
shared space. We fuse the projected features
with an attention-weighted sum and feed the
fused vector to an MLP predictor to obtain
gy = Predictor(Fusion(V,(Hy), ¥, (H,))) Dur-
ing training, we optimize the parameters of SLM



Methods ACC M-F1 M-P M-R
Docmsu 7241 65.85 65.85 65.85
DAIE 81.77 72.94 82.42 70.22
MMSD 67.49 6096 60.71 61.36
MMSD2.0 76.85 68.17 71.43 66.79
S Agent+GPT-40-mini  71.92 67.62 66.98 69.25
s3 Agent+GPT-5.1 82.27 76.12 79.39 74.30
s3 Agent+Qwen2.5-VL  73.89 65.95 67.08 65.27
COC+GPT-40-mini 66.90 6592 6896 73.31
COC+GPT-5.1 70.44 69.31 71.69 76.78
COC+Qwen2.5-VL 78.82 75.15 7422 76.72
GOC+GPT-40-mini 74.88 66.39 68.34 65.42
GOC+GPT-5.1 79.31 75.61 7471 77.06
GOC+Qwen2.5-VL 76.35 61.15 75.16 60.57
GPT-40-mini 80.30 74.47 7622 72.40
GPT-5.1 75.86 72.16 71.29 74.13
Qwen2.5-VL 81.28 77.07 76.80 77.36
DOUBLE+GPT-40-mini 85.22 81.90 81.58 82.24
DOUBLE+GPT-5.1 84.73 81.57 80.87 82.43
DOUBLE+Qwen2.5-VL 85.22 82.26 81.43 83.31

Table 2: Performance comparison on the MSCE
dataset. The best results are highlighted in bold, while
the second-best results are indicated with underlines.
Higher values of ACC, M-F1, M-P, and M-R indicate
better performance.

Arbiter by minimizing the binary cross-entropy
loss.

5 Experiments

5.1 Experimental Setup

In this section, we present a simple experimental
setup, and the detailed version can be found in the
Appendix C.

Baselines. To assess the effectiveness of DOU-
BLE, we compare it with several competitive base-
lines in MSD, including SarcasmCue (Yao et al.,
2025), S3 Agent (Wang et al., 2024b); Docmsu (Du
et al., 2024), DAIE (Wu et al., 2025), MMSD (Cai
et al., 2019), MMSD2.0 (Qin et al., 2023).

Metrics. Following prior works (Yao et al., 2025;
Hong et al., 2025), we evaluate all models on our
proposed MSCE benchmark and employ four met-
rics : Accuracy (ACC), Macro-F1 scores (M-F1),
Macro Precision (M-P) and Macro Recall (M-R).

5.2 Main Performance

To assess the effectiveness of DOUBLE, we com-
pare it with 10 competitive baselines, with results
reported in Table 2. We draw four key observations.

First, DOUBLE achieves the best overall perfor-
mance on MSCE across nearly all metrics, improv-
ing Accuracy by 12.62% and Macro F1 by 18.06%
over the average baseline. The advantage remains

consistent when switching backbones, indicating
robust gains rather than backbone dependent tun-
ing.

Second, methods relying on shallow cross
modal cues are insufficient for handling the deep
metaphorical expressions that frequently appear
in MSCE. Such approaches typically emphasize
surface level cross modal inconsistency. However,
the sarcastic intent is often implicit in MSD, the
metaphor is deeper, and cross modal conflict may
not be explicitly manifested. As a result, these mod-
els struggle to capture the core semantics, which
fundamentally limits their overall performance.

Third, longer and more complex reasoning
chains do not necessarily help. Multiagent reason-
ing and chain based approaches such as S? Agent,
COC, and GOC show unstable gains and even no-
table degradation on some backbones, suggesting
that extended reasoning is vulnerable to hallucina-
tion and noise accumulation that corrupts crucial
evidence.

Finally, while MLLMs based methods are strong
in zero-shot multimodal settings, they are less reli-
able on MSD without task specific adaptation, and
full fine tuning is often prohibitively expensive. By
refining raw the outputs of MLLMs through SLM
Arbiter, DOUBLE provides more stable predictions
and achieves better MSD performance than conven-
tional MLLMs based approaches.

5.3 Ablation Study

Effect of Clue2View Mechanism. To quantify
the contribution of each component in Clue2View
mechanism, we conduct an ablation study that iso-
lates individual steps and measures their impact on
overall performance. Specifically, we evaluate four
variants: (1) w/o LSG, which removes the LSG
extraction module; (2) w/o RSG, which removes
the RSG extraction module; (3) w/o SG, which re-
moves both LSG and RSG and disables the dual
view interpretation mechanism accordingly; and
(4) w/o Dual View, which removes dual view in-
terpretation and models the task using only scene
graph description.

The results indicate that each step of Clue2View
is essential for satirical cartoon detection. Beyond
improving accuracy, these components also pro-
vide useful interpretability by offering reasoning
evidence that supports the final prediction. Notably,
removing the RSG mechanism yields the largest
performance drop. This suggests that satirical car-
toons often convey intent through implicit mean-



Module MLLM Backbone Variant ACC M-F1
w/o LSG 84.73 80.33

L. w/o RSG 82.76 78.54

GPT-40-mini wlo SG 84.24 79.05

w/o Dual-View 84.73 81.57

Clue2Vi w/o LSG 84.24 79.57
HeEVIEW PTos.1 w/o RSG 83.74 79.54

’ w/o SG 84.24 79.05

w/o Dual-View 84.24 80.89

w/o LSG 83.74 79.06

w/o RSG 83.25 79.04

Qwen2.5-VL wlo SG 8424 79.05

w/o Dual-View 85.22 81.71

GPT-40-mini w/o Fine-tune 79.31 73.81

SLM Arbiter GPT-5.1 w/o Fine-tune 79.31 73.51
Qwen2.5-VL w/o Fine-tune 78.82 73.04

GPT-40-mini ALL 85.22 81.90

DOUBLE GPT-5.1 ALL 84.73 81.57
Qwen2.5-VL ALL 85.22 82.26

Table 3: Ablation study on key components of DOU-
BLE.

ings and deeper metaphors, where relying solely
on surface level clues is insufficient to consistently
capture the key semantics. In contrast, the deep se-
mantic reasoning cues provided by RSG are more
critical for robust discrimination.

Effect of SLM Arbiter. To assess the effective-
ness of SLM Arbiter, we introduce an ablation
variant w/o Fine tune, where the SLM is not fine
tuned. The results show that fine tuning SLM Ar-
biter is necessary to adapt to the distilled outputs
produced by the MLLM. Freezing all layers leads
to a substantial performance degradation, confirm-
ing the importance of parameter updating for effec-
tive alignment with the distillation signals.

5.4 Case Study

To further examine the interpretability of our pro-
posed DOUBLE, we randomly sample a cartoon
from the MSCE dataset and analyze how DOUBLE
infers its satirical label, as shown in Figure 4. The
cartoon depicts several drink containers and each
associated with different beverages. DOUBLE first
constructs a LSG and produces an intuitive non-
satirical reading, namely that the image portrays a
gathering that prepares both alcoholic and non alco-
holic drinks to accommodate different preferences.
It then incorporates relevant commonsense and con-
textual knowledge, such as the Central Eight Point
Regulations and related laws, to refine the scene
representation. Based on the resulting RSG, DOU-
BLE performs further reasoning and derives the
underlying satirical interpretation, which uses the
surface narrative of ’private customization’ to criti-

Tilte: il AiJ#l (Goal-Driven Personalization)
DESCRIPTION: The title reads "Personalized Customization.” The image|
shows four drinking vessels: a wine glass, a Coca-Cola glass bottle, a
plastic water bottle, and a small porcelain cup—each containing a
different liquid. Juxtaposing the title with these objects suggests a
correspondence between drinking style and individual choice.

(1) On-Canvas View

(oa-cae ) (wie 1672 (sess

(oim-ara-whire e )

Non-Satirical Explanation: It may simply illustrate a gathering where both alcoholic and non-
alcoholic drinks are prepared o accommodate different preferences.

[Evidence]: (1) The first scene graph captures the "Left-to-Right" spatial arrangement of the
objects (WineGlass, ColaBottle, WaterBottle, BaijiuCup):
(2) The scene graph identifies "Red Liquid" in the ColaBottle and "Colorless Liquid"
labeled "#&53°" in the WaterBottle:
(3) The title suggests a product combination customized for individual needs.

(2) Beyond-Canvas View

Satirical Explanation: The image suggests formalism and covert corruption by disguising premium
alcohol as ordinary beverages: the red liquid in the Coca-Cola bot+le is
presented as camouflaged wine to comply with public spending rules, while the
colorless "Jiangxiang 53°" liquid in the plastic bottle implies expensive Moutai
hidden to evade scrutiny.

[Evidence]: (1) The second scene graph directly links the camouflage behavior to the external politicall
knowledge of "The Eight-point Regulation of the Political Bureau of China";
(2) The reasoning graph identifies the ColaBottle's red liquid as "masquerading red wine
as Coca-Cola" to evade public consumption laws;
(3) The reasoning graph uses the WaterBottle's "&&53°" fo infer it contains expensive
Maotai, defining it as "strategic camouflage to circumvent anti-graft protocols".

SLJudge:

Satire

Figure 4: Case study of correctly detected comic satire
on the MSCE dataset.

cize deliberate rule breaking and concealed corrup-
tion.

This case illustrates that DOUBLE not only de-
tects satirical content, but also provides a coherent
and well supported justification grounded in com-
monsense knowledge and logical inference.

6 Conclusion

This work introduces MSCE, the first official media
sourced benchmark for MSD. MSCE emphasizes
hard cases where image text pairs appear coher-
ent, but satire arises from metaphor, symbolism,
and culture specific context, demanding nontrivial
cross modal reasoning. We also propose DOU-
BLE, an explainable framework for MSD. Through
Clue2View, DOUBLE progressively contrasts a lit-
eral reading with the implied intent. A Small Lan-
guage Model Arbiter further distills the dual view
traces from the MLLM to support efficient and re-
liable decisions, reducing cost and filtering halluci-
nated evidence. Experiments and case studies show
that DOUBLE achieves strong performance with
clear rationales, providing a competitive baseline
for MSD.



7 Limitations

Cross-cultural and time-sensitive generalization.
Satire interpretation is strongly conditioned on
cultural context and current affairs. Even with
Beyond-Canvas knowledge enrichment, cartoons
from different regions and languages can differ
substantially in symbolism, sociopolitical fram-
ing, metaphor conventions, and textual expression,
which may reduce robustness under domain shift.
Moreover, DOUBLE relies on the coverage and
freshness of the underlying MLLMs knowledge;
for newly emerging events or memes, the model
may lag or misinterpret. Biases in long-tail or niche
knowledge can further affect the construction of
the refined scene graph and the induced intent con-
flicts.

Subjectivity and annotator agreement. Satire
is inherently subjective, and judgments vary with
annotators’ background knowledge, cultural as-
sumptions, and personal stance. Despite using
standardized guidelines and consistency checks,
disagreements and borderline cases are difficult to
eliminate. This residual label noise can blur deci-
sion boundaries and make evaluation sensitive to
small changes in annotation criteria.

8 [Ethical considerations

We have obtained the necessary authorization to
collect and use content from People’s Daily On-
line, as the website’s publicly available terms grant
rights to users who comply with its online rules. We
carefully reviewed these terms and adhered strictly
to all stated requirements throughout data acquisi-
tion and annotation. In the revised manuscript, we
provide a detailed account of the data sources, the
collection pipeline, and the annotation procedure
to ensure transparency and reproducibility. We fur-
ther commit to continuous oversight of the dataset
and will promptly remove or revise any data that
could be considered ethically inappropriate.

This work advances multimodal sarcasm de-
tection to enable responsible research use and to
deepen our understanding of sarcastic expression
in real-world communication, thereby supporting
content analysis and related downstream applica-
tions. We acknowledge that techniques developed
for sarcasm detection may be misused to facilitate
the creation of misleading content that is more dif-
ficult to identify. We explicitly oppose any such
misuse. To mitigate this risk, we will release the

dataset under an online usage agreement that re-
quires all users to comply with applicable website
terms and relevant legal and ethical standards, and
that prohibits use intended to produce deceptive or
harmful content.

All annotators of our dataset are coauthors of
this manuscript rather than crowdworkers. They
participated as invited volunteers (without using
any third-party crowdsourcing platform), and the
annotation process was conducted under our direct
supervision.
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Appendix

A Human Annotation Instructions

This appendix describes the human annotation pro-
tocol for satirical cartoons, including the opera-
tional definition of satire, the labeling rationale,
and the practical workflow implemented with La-
bel Studio.

A.1 Operational Definition of Satire

In this work, satire is defined as the use of rhetori-
cal devices such as metaphor and exaggeration to
expose, criticize, or ridicule a person, group, or
social phenomenon. We adopt the definition from
Xinhua Dictionary as the normative reference. For
annotation, satire is treated as a semantic structure
in which the surface meaning is intentionally mis-
aligned with the intended meaning, commonly re-
alized through irony, contrast, or visually grounded
critique.

A.2 Labeling Scheme and Aggregation Rule

To reduce ambiguity during annotation, we employ
three labels that explicitly distinguish non satiri-
cal content from satire with different degrees of
directedness or hostility. This three class design
is introduced primarily to make the annotator’s de-
cision process easier and more consistent. In the
final dataset used for modeling and evaluation, we
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merge label=1 and label=2 into a single positive
category, namely satire, while label=0 remains
the negative category.

When an instance is difficult to judge, annota-
tors may consult an Al assistant by providing the
definitions and diagnostic cues in this section as
contextual information. The assistant’s explanation
is used only as a reference. The final label is always
determined by the human annotator.

A.3 Label Definitions and Diagnostic Cues

Label 0: Non Satirical. An instance is labeled as
non satirical when neither the image nor the title
exhibits a satirical structure. In particular, there
is no discrepancy between literal expression and
intended meaning, no conflict between the title
and the depicted content, no visual metaphor that
implies a directed critique, and no irony. Typical
instances show high consistency between the title
and the image, and they do not present an identifi-
able target of criticism. Exaggeration may appear
for artistic or humorous effect, and emotional tones
such as resignation, light humor, or lyricism are
allowed as long as they do not function as satire.

Label 1: Non Aggressive and Non Malicious
Satire. An instance is labeled as non aggressive
satire when a satirical structure is present but the
instance does not attack a person or an entity. The
intent is primarily self directed or situation oriented,
such as self deprecating irony or a non confronta-
tional portrayal of everyday predicaments. The
instance typically lacks a specific target of attack,
and its affect often reflects resignation, absurdity,
or mild complaint rather than hostility.

Label 2: Aggressive and Malicious Satire. An
instance is labeled as aggressive satire when a satir-
ical structure is present and the instance conveys a
directed intent to criticize, attack, or expose. This
class is characterized by contradiction, tension, or
metaphorical mismatch between the title and the
image, and by a clearly identifiable target of cri-
tique. Common targets include governments, polit-
ical systems, and bureaucratic structures; capital,
corporations, and workplace exploitation; unequal
allocation of social resources, class stratification,
wealth inequality, and unequal opportunity; pub-
lic services such as education, healthcare, elder
care, and housing; technology, media, and digi-
tal life including smartphones, the internet, online
platforms, and advertising; environmental and eco-
logical issues such as pollution, performative envi-
ronmentalism, ecological destruction, and resource
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Figure 5: Percentage of images containing embedded
text.

waste; war, violence, security, terrorism, public
safety, and arms races; and collective social behav-
ior and norms such as bandwagon effects, indif-
ference, moral numbness, and conformity. Targets
outside these categories are also allowed when the
critique is explicit.

A.4 Annotation Workflow in Label Studio

The annotation environment is reproduced lo-
cally using Label Studio. Annotators install La-
bel Studio in a VS Code terminal with Python
version at least 3.8 by running pip install
label-studio. They then start the service by run-
ning label-studio and keep the terminal session
active during annotation. The interface opens at
http://localhost:8080. Annotators create a lo-
cal account on first use and log in, noting that all
data are stored locally.

A new project is created with the name
sarcasm_detection. The dataset file
clean_data.json 1is uploaded through the
Data Import entry. The labeling interface is con-
figured by pasting the contents of templates. txt
into the template editor and saving the configu-
ration. Annotation is performed by entering the
project and selecting Label All Tasks, assigning
exactly one label to each instance according to the
definitions and cues above. After all instances are
labeled, the results are exported using the built in
export function in the Label Studio interface.

B Dataset Analysis

Figure 5 summarizes the prevalence of embedded
text in images: 58.6% of images contain on-image
text, while 41.4% do not.

C Experiment Setup

C.1 Description of Baselines

In our experiments we compare against both multi-
modal sarcasm detection methods that are built on
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top of multimodal large language models (MLLMs)
and those that are not based on MLLMs. The dis-
tinction is important: methods based on MLLMs
exploit large pretrained vision—language reasoning
capabilities to perform inference with minimal task-
specific training, whereas the non-MLLM baselines
typically rely on task-specific feature fusion and
dedicated classifiers.

The baselines we evaluate include the following
five representative approaches.

* SarcasmCue (Yao et al., 2025) investigates
whether large language models can detect sar-
casm via intermediate reasoning steps. It intro-
duces a prompting framework with multiple
strategies that elicit reasoning about linguis-
tic and contextual cues and evaluates LLMs
on standard sarcasm benchmarks. This study
highlights that non-sequential prompting of-
ten outperforms sequential prompting even for
LLMs, suggesting that sarcasm comprehen-
sion may not strictly follow a linear reasoning
process.

« S? Agent (Wang et al., 2024b) proposes
a multi-view agent framework that unlocks
the power of vision large language models
for zero-shot multimodal sarcasm detection.
By decomposing sarcasm signals into super-
ficial expression, semantic information, and
sentiment views, this method leverages the
reasoning ability of pretrained vision LLMs
to achieve strong zero-shot performance on
MMSD?2.0.

DocMSU (Du et al., 2024) introduces a com-
prehensive benchmark for document-level
multimodal sarcasm understanding in news
articles. In addition to the dataset, the authors
propose a baseline approach that aligns pixel-
level image features with word-level textual
representations to capture sarcasm cues across
long texts and heterogeneous content.

* Dual-Level Adaptive Incongruity-
Enhanced model (DAIE) (Wu et al.,
2025) is a deep architecture emphasizing
multimodal incongruity. It encodes text and
visual modalities and then fuses information
at token and graph levels to explicitly
highlight contradiction patterns, which are
central to multimodal sarcasm detection.



¢ MMSD2.0 (Qin et al., 2023) defines a cor-
rected multimodal sarcasm detection system
and benchmark that addresses issues in the
original MMSD dataset by removing spurious
cues and reannotating unreasonable samples.
A multi-view CLIP framework is introduced
to fuse text, image, and text-image interac-
tion representations, substantially improving
reliability and baseline performance on this
benchmark.

Twitter Hierarchical Fusion Model
(MMSD) (Cai et al., 2019) represents an
early multimodal sarcasm detection approach
on social media, using hierarchical fusion
of text and image features with attention
mechanisms. This model integrates modality
features at multiple levels to highlight
cross-modal inconsistencies for sarcasm
detection, though without relying on MLLMs.

Among these baselines, the approaches that are
based on multimodal large language models are S3
Agent and SarcasmCue, because both take advan-
tage of large pretrained vision or language models
to make predictions with little or no task-specific
training. SarcasmCue investigates how internal
reasoning processes in large language models re-
late to sarcasm understanding, and S* Agent uses
vision LLMs to address the multimodal sarcasm
detection problem in a zero-shot scenario. The
other baselines such as the alignment baseline
in DocMSU, the dual-level adaptive incongruity
model, the MMSD?2.0 multi-view CLIP framework,
and the hierarchical fusion model for Twitter focus
on customized multimodal representations and fea-
ture fusion rather than on large model reasoning.
Taken together, these methods provide a compre-
hensive set of comparative systems for evaluating
multimodal sarcasm detection performance.

D Implementation Details

In this section, we present detailed implementation
specifications for our proposed DOUBLE as well
as a comprehensive overview of the experimental
setup.

D.1 Implementation Environment

All experiments are conducted on a system compris-
ing an Intel(R) Core(TM) 19-14900KF processor,
equipped with one NVIDIA GeForce RTX 4090 D
GPU with 24 GB of VRAM, and accompanied by
64 GB of DRAM.
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Table 4: Example of prompt for various perspectives
applied in S* Agent.

Superficial Expression Prompt

Given the following image and text, judge
whether there is sarcasm based on the superficial
expression. This requires detecting underlying
critique through discrepancies between image
and text, considering both modalities together.
text: <text>

Semantic Information Prompt

Given the following image and text, judge
whether there is sarcasm based on the seman-
tic information. This prompt focuses on extreme
portrayals and metaphorical meanings inferred
from the combined image and text.

text: <text>

Sentiment Expression Prompt

Given the following image and text, judge
whether there is sarcasm based on sentiment ex-
pression. This requires detecting critical emo-
tions targeted at specific subjects or behaviors
by jointly examining the image and text.

text: <text>

D.2 MLLM Implementation in Clue2View

To ensure the robustness and generalizability of
our findings, we conduct all experimental evalu-
ations using a diverse set of three state-of-the-art
MLLMs: GPT-40-mini, GPT-5.1, and Qwen2.5-
VL-72B-Instruct. By employing this range of mod-
els, we verify the effectiveness of our approach
across different architectural designs and resource
constraints."

D.3 SLM Implementation in SLM Arbiter

Our SLM is based on a masked self-attention
Transformer architecture, i.e., BERT, pretrained
through language-visual contrastive learning (Rad-
ford et al., 2021). For the visual feature encod-
ing, we leverage the pre-trained Vision Transformer
(ViT), keeping its parameters frozen. Specifically,
for our benchmarks, we employ OFA-Sys/chinese-
clip-vit-large-patch14 (Yang et al., 2022).

D.4 Data Preprocessing

Our SLM is based on a masked self-attention
Transformer architecture, i.e., BERT, pretrained
through language-visual contrastive learning (Rad-



ford et al., 2021). For the visual feature encod-
ing, we leverage the pre-trained Vision Transformer
(ViT), keeping its parameters frozen. Specifically,
for our benchmarks, we employ OFA-Sys/chinese-
clip-vit-large-patch14 (Yang et al., 2022).

Given an image—text pair X, we first extract
its multimodal information from both modal-
ities.  For the visual content, we represent
the image as I and adopt the vision encoder of
OFA-Sys/chinese-clip-vit-large-patch14 (Yang
et al., 2022) as the feature extractor. Specifically,
we feed I into the CLIP vision transformer and
take the output embedding of the [CLS] token
as the global image representation, denoted as
h, € R%, where d, is the dimensionality of the
visual embedding space defined by the model.

For the textual content, we use the image as-
sociated title and external background knowledge
as the textual input. Specifically, we denote the
title as Tiit1e € R™ and the background knowl-
edge as Ty, € R"™, where n; and n; are the
numbers of words (or tokens) in the title and
the background text, respectively. We then con-
catenate them to form the final textual sequence
T = [Tiine; Thg) € R”, where 7 = n; + np. This
design enables the model to interpret the image in
context by jointly considering the visual content,
the title, and the relevant background information.

D.5 Training Configuration

Experimental Setup. We implement our model
using the PyTorch framework. For text encod-
ing, we utilize the pre-trained Chinese-CLIP-ViT-
Large-Patch14 model to extract textual features.
For visual features, we align the input dimensions
through a multi-layer perceptron (MLP) projection.
We employ the AdamW optimizer for model pa-
rameter optimization, configured with a learning
rate of 7.7 x 10~ and a weight decay of 5 x 1074,
To mitigate the class imbalance issue, we adopt the
Focal Loss with v set to 1.8. The maximum num-
ber of training epochs is set to 15, with an early
stopping mechanism triggered if the validation ac-
curacy does not improve for 5 consecutive epochs.
The batch size is set to 32, and the random seed is
fixed at 2026 to ensure reproducibility. For statis-
tical reliability, we report the results based on the
best-performing model selected on the validation
set. For baseline models, we strictly adhere to the
settings specified in their original papers.
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Role: You are designated as a specialized agent for Multimodal Knowledge Graph construction, focusing on surface-level
visual and textual grounding. The extraction process is divided into two sequential phases: (A) Initial Multimodal Parsing
and (B) Surface-KG Refinement.
Phase A: Fine-Grained Multimodal Parsing Objective: Perform a comprehensive extraction of entities, attributes, and
relationships derived solely from the visual content and the provided title metadata. Methodology: Employ multi-scale
visual inspection (zooming or cropping) to resolve fine-grained details, particularly for textual elements, symbols, or small
objects. Inference Constraint: All extractions must be strictly grounded in observable evidence. Probabilistic inference is
permissible only when strongly supported by visual cues; hallucination of unobserved entities, relations, or events is strictly
prohibited.
Phase B: Surface-KG Refinement Objective: Critique the initial extraction to produce a finalized, revised Surface
Knowledge Graph. This graph must contain only factual assertions directly verifiable in the image, strictly filtering out
over-interpreted semantic abstractions.
Operational Protocols and Constraints:
1.Entity Extraction Protocols: Taxonomy: All entity nodes must be labeled in English. Granularity: Decompose
composite objects into sub-entities when distinct interactions (e.g., handling, using) are observed. Textual Entities:
Extract all visible text strings as distinct entities. Preserve non-English content exactly as it appears within attribute
values, but maintain English node labels.
2.Relation Extraction Protocols: Predicate Ontology: Relations must be expressed as specific, English action verbs or
spatial prepositions. Grounded Triples: Generate only factual triplets (Entity-Relation-Entity) substantiated by
observable spatial arrangements, actions, interactions, or communicative gestures. Speaker-Utterance Alignment: For
dialogue or text associated with a specific character, enforce the structure: [Person_Entity] -> [say] -> [Text_Entity].
3.Attribute Extraction Protocols: Visual Attributes: Annotate entities with visually grounded descriptors including color,
material, pose, facial expression, relative size, and spatial coordinates. Textual Attributes: For on-screen text, include
attributes such as raw_text_content, layout_structure, reading_direction, and text_type.
4.0CR and Layout Analysis (Chinese/Multilingual): Segmentation: Extract visible text fragments as individual entities.
Reconstruction: Merge text fragments only when the layout strongly implies continuity; otherwise, treat them as
discrete. If the reading order is ambiguous, annotate the direction as 'unknown'.
5.Evidence Modality Annotation: Requirement: Every relation and attribute in the final output must include an
‘evidence_modality' tag to specify the information source. Valid Tags: 'image' (visual only), 'text' (textual only), or
'image-+ttext' (cross-modal inference).
Input: Image and Title. Output: A structured, purified Surface Knowledge Graph adhering to the above constraints.

(a) Step 1

rompt, : Non-Sarcastic Interpretation

You are an expert in abductive reasoning. Your task is to analyze the provided {surface_kg} to generate a streamlined
rationale from a literal perspective.

Strictly adhere to the provided Knowledge Graph nodes and edges without hallucinating external information.

Task:

Using ONLY the {surface_kg}, explain why the sample appears reasonable or non-sarcastic in its literal sense. Focus on
the visible facts and standard interpretations of the objects and actions described.

Please answer in Chinese.

Return ONLY valid JSON with the following structure:

{

}

"non_sarcastic_explanation": "string"

(b) Step 2

Prompt; : Refined Scene Graph

Role: You are designated as a specialized agent for the construction of Deep Semantic Knowledge Graphs (Deep-KG),
specifically tailored for the interpretation of satirical cartoons. Your objective is to model the latent semantic layer—
symbolism, intent, and causal logic—essential for computational sarcasm detection.
Input Specifications:

Meta-Information: Title text and optional background context.

Visual Narrative: A concise LLM-generated description of the scene.

Surface Knowledge Graph: A structured representation of explicitly visible facts.
Methodological Framework:
Semantic Abstraction and Inference: Construct a Deep-KG that captures implied meanings, metaphorical mappings,
social roles, causal dependencies, communicative intents, normative expectations, and abstract concepts. The graph must
bridge the gap between visual signals and high-level interpretation.
Redundancy Constraint: Strictly exclude purely visible facts already present in the Surface KG, unless they serve as
necessary semantic anchors for connecting abstract nodes (e.g., grounding a symbol to its physical representation).
Node Ontology and Naming: You are authorized to introduce abstract nodes where supported by the title, background
context, or scene composition. All node identifiers must adhere to snake_case formatting. Existing node IDs should be
preserved where applicable; new nodes should be generated only to represent distinct semantic concepts.
Output Specifications: Return the result strictly as a valid JSON object adhering to the schema defined below. Do not
include markdown formatting, code block delimiters, or explanatory text.

(c) Step 3

Prompt,: Sarcastic Interpretation

You are an expert in abductive reasoning for sarcasm detection. Your task is to analyze the provided {surface kg} and
{deep_kg} to generate a streamlined rationale from a sarcastic perspective. Strictly adhere to the provided Knowledge
Graph nodes and edges without hallucinating external information.

Task:

Combining the {surface_kg} and {deep_kg}, explain why the sample is reasoned as sarcastic. Identify semantic conflicts,
common sense violations, or contradictions between the surface layer (what is seen) and the deep layer (symbolism, intent,
or cultural context).

Please answer in Chinese.

Return ONLY valid JSON with the following structure: { "sarcastic_explanation": "string" }

(d) Step 4

Figure 6: Prompting overview.
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