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Abstract

Multimodal sarcasm detection (MSD) aims to identify sar-
casm polarity through diverse modalities (i.e., image-text
pairs), which gains increasing attention. While significant
progress has been made, the existing approaches still face two
major issues: lack of explainability and weak generalizability.
In this paper, we introduce a new large vision-language model
(LVLM) dubbed S3-MSD for explainable and generalizable
MSD through three key components. For explainability, we
develop (1) a self-training paradigm that automatically boot-
straps answers with explanations, and (2) a self-calibrating
mechanism that rectifies flawed explanations. For general-
izability, we design (3) a self-focusing module that ampli-
fies visual semantic entities through preference optimization,
thereby mitigating textual over-reliance. Experimental results
on both in-distribution and out-of-distribution (OOD) bench-
marks demonstrate that S3-MSD consistently outperforms
state-of-the-art methods in detection performance. Further-
more, the proposed S3-MSD provides persuasive explana-
tions, as validated by quantitative and human evaluations.

1 Introduction
Sarcasm is a sophisticated form of figurative language
where the expressed sentiment contradicts the literal mean-
ing (Gibbs 1986; Joshi, Bhattacharyya, and Carman 2017).
With the explosive growth of social media, Multimodal Sar-
casm Detection (MSD) has emerged as a crucial research
area (Farabi et al. 2024; Ma et al. 2024a; Liang et al. 2024a),
due to its importance in diverse applications such as product
review analysis (Wen, Jia, and Yang 2023). Distinct from
conventional text-only analysis (Li et al. 2021; Lou et al.
2021), MSD presents a formidable challenge (Qin et al.
2023): it requires discerning subtle semantic inconsistencies
across different modalities (e.g. text and image).

To address this challenge, a group of MSD models has
been proposed (Zhang et al. 2025a,b). Mainstream efforts
follow a classification-based paradigm, leveraging back-
bones such as BERT (Devlin et al. 2019) for text and
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(a) Current MSD Models

happy testing monday ! eat a good breakfast

Not Sarcastic.

Not Sarcastic. The text wishes someone happy testing. 
The image shows a healthy-looking breakfast.

Sarcastic. The basic breakfast sandwich on a paper 
towel contrasts with the "good breakfast" suggestion.

(b) Reasoning-based Models (e.g., Gemini 2.5 Pro)

(c) The proposed Model (S3-MSD)

Figure 1: Comparison on a sarcastic sample where the text
suggests a “good breakfast” while the image shows a basic
sandwich on a paper towel. (a) Existing MSD models fail
to capture this nuance without explanation. (b) Reasoning-
based models like Gemini 2.5 Pro provide a flawed explana-
tion by focusing only on the food’s healthy appearance while
overlooking the casual, understated presentation. (c) In con-
trast, the proposed S3-MSD correctly identifies the sarcasm
by grounding its explanation in these key visual details.

ViT (Dosovitskiy et al. 2020) for vision, to learn a uni-
fied latent representation for sarcasm detection. Within this
paradigm, a variety of fusion strategies have been explored
to capture cross-modal incongruity, including attention-
based methods (Pan et al. 2020; Xu, Zeng, and Mao 2020),
graph-based frameworks (Liang et al. 2022; Wei et al.
2024), knowledge-enhanced techniques (Liu, Wang, and Li
2022; Wei et al. 2025), and information-decoupling strate-
gies (Tian et al. 2023; Qin et al. 2023; Goel, Chauhan, and
Akhtar 2025). Another stream of methods has made early ef-
forts to introduce generation-based LVLMs into MSD, due
to their impressive performance across various multimodal
applications (Liang et al. 2024b). Among these, Tang et al.
(2024) proposed a CLIP-based (Radford et al. 2021) demon-
stration retrieval module to boost cross-modal in-context
learning, obtaining promising results.

Despite substantial progress achieved, we discover that
current MSD methods still suffer from two main issues:
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Figure 2: Performance comparison between state-of-the-art
models (Qin et al. 2023; Touvron et al. 2023) and the pro-
posed model on OOD dataset RedEval (Tang et al. 2024).

(1) Lack of explainability. The development for explain-
able MSD remains largely unexplored, yet this capability is
critical for convincing and effective sarcasm detection (Jing
et al. 2023). While LVLMs have the potential to gener-
ate explanations, directly applying them to MSD is non-
trivial. Without task-specific supervision, even reasoning-
based LVLMs also fail to capture the subtle cross-modal in-
consistencies as shown in Figure 1. Given that manual anno-
tation is prohibitively expensive and difficult to scale, how
can we generate the supervisory signals from classification-
only data to teach an LVLM to reason reliably for MSD?

(2) Weak generalizability. Preliminary experiments on
the OOD dataset (Tang et al. 2024) with state-of-the-art
classification-based and generation-based methods in Fig-
ure 2 reveal their suboptimal performance (Qin et al. 2023).
This can be attributed to the fact that current MSD models
rely more heavily on textual modality than on visual modal-
ity (Pan et al. 2020). As such, unreliable textual cues (e.g.,
biased words that frequently appear in either sarcastic or
non-sarcastic samples) can mislead the models, hindering
their generalizability when the text distribution shifts. This
raises our second research question: How can we mitigate
over-reliance on text to achieve generalizable MSD?

To answer the above two questions, we introduce S3-
MSD, a new LVLM for explainable and generalizable MSD.
For explainability, we (1) first adopt a self-training paradigm
that leverages the pre-existing but weak reasoning ability
from the LVLM to bootstrap both explanation and answer.
In this manner, S3-MSD enables the collection of both pos-
itive and negative explanations based on the golden label.
Inspired by the human ability to learn from mistakes (Zhou
et al. 2024; Zhang et al. 2024), we then (2) introduce a self-
calibrating mechanism to refine flawed explanations, allow-
ing the model to learn from erroneous reasoning.

For generalizability, we further (3) propose a self-focusing
module, which mitigates excessive textual dependency bias
by emphasizing semantic entities in the images. Concretely,
we perform preference optimization (Rafailov et al. 2023)
only on images, where the rejected image is derived from
the original by introducing noise to visual semantic entities.

Overall, our contributions can be summarized as follows:

• We present a new LVLM-based model dubbed S3-MSD
for MSD and make the first attempt to bridge detection
and explanation for multimodal sarcasm understanding.

• We introduce three core components in S3-MSD: self-
training, self-calibrating, and self-focusing, to address is-
sues of lack of explainability and weak generalizability.

• Extensive experiments on both in-distribution and out-
of-distribution benchmarks including quantitative com-
parison, qualitative analysis, human evaluation, cross-
architecture, and cross-task scenarios verify the explain-
ability and generalizability of the proposed S3-MSD.

2 S3-MSD
Task Formulation. Given an input image-text pair
(xv, xt), we utilize an LVLM M(·) to perform two tasks
simultaneously: (1) sarcasm detection, where it predicts a
label a ∈ {0, 1}, with a = 1 indicating sarcasm and a = 0
indicating non-sarcasm; (2) explanation generation, where it
produces an explanation e to justify its prediction. Formally,
S3-MSD operates as follows: M(xv, xt) → (e, a).

In the following, we detail the proposed S3-MSD, whose
overall framework is illustrated in Figure 3.

2.1 Self-training
Motivation. Given the challenge of obtaining high-quality
explanation data, directly fine-tuning the LVLM for explain-
able MSD remains impractical. Inspired by Zelikman et al.
(2022), we propose leveraging the LVLM’s inherent yet
limited reasoning ability to iteratively augment pairs from
the original available MSD dataset D, thereby enabling the
model to self-train. At each iteration k, the model M(·) first
processes each input image-text pair (xv

i , x
t
i) ∈ D|D|

i=1 to
generate both prediction and explanation simultaneously:

yi = (e
(k)
i , a

(k)
i ) = Mk(x

v
i , x

t
i), (1)

where a
(k)
i is the sarcasm prediction extracted from model

response yi, and e
(k)
i represents the supported explanation.

Given that correct predictions often correlate with higher-
quality explanations, we retain samples with correct answers
to form the augmented set for self-training D(k)

st :

D(k)
st =

{
(xv

i , x
t
i, e

(k)
i , a

(k)
i ) | a(k)i = âi

}|D|

i=1
, (2)

where âi denotes the ground-truth label of i-th sample.
Subsequently, we fine-tune the model Mk(·) on the newly

augmented dataset D(k)
st using supervised fine-tuning (SFT)

with a standard negative log-likelihood objective:

Lsft = −
∑

(xv
i ,x

t
i,yi)∈D(k)

st

∑
j

log pMk
(yi,j | yi,<j , x

v
i , x

t
i),

(3)
where j indexes the tokens in the output sequence yi. This it-
erative self-training process continues, generating a new re-
sponse for each sample using the newly fine-tuned model,
progressively improving sarcasm detection and explanation
quality until performance converges.

2.2 Self-calibrating
Motivation. While self-training enhances the model by
leveraging positive samples with accurately predicted ex-
planations, it overlooks negative ones. Incorrect predictions
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Figure 3: Overview of the proposed S3-MSD framework. At each iteration k, we leverage the LVLM to bootstrap an augmented
dataset from the original MSD dataset. The LVLM then undergoes self-training (§2.1), self-calibration (§2.2), and self-focusing
(§2.3) optimization, to achieve explainable and generalizable S3-MSD.

constitute most sampled instances and likewise offer valu-
able insights for model improvement. Though direct pref-
erence optimization (DPO) (Rafailov et al. 2023) is a poten-
tial approach for utilizing textual positive-negative pairs, our
controlled experiments reveal its suboptimal performance in
handling multimodal incongruity (cf. §3). Building upon hu-
man error-driven learning mechanisms (Zhou et al. 2024),
we propose a self-calibration mechanism that systematically
transforms prediction errors into explanatory signals.

Specifically, for each image-text pair xv/t
i at the k-th it-

eration, we identify samples where the model has produced
both correct and incorrect sarcasm predictions at different
iterations up to k, forming a self-calibration set D(k)

sc as:

D(k)
sc =

{
(xv

i , x
t
i, y

+
i , y

−
i )

∣∣ ∃m,n ≤ k :

a
(m)
i = âi ∧ a

(n)
i ̸= âi

}|D|

i=1
,

(4)

where y+i and y−i denote the generated explanation-
prediction pairs for correct and incorrect classifications.

To effectively incorporate feedback into the training pro-
cess, we introduce a self-calibrating loss function that com-
pels S3-MSD to calibrate its responses based on its own
mistakes. Formally, this objective Lcal is defined as:

Lcal = −
∑

(xv
i ,x

t
i,y

+
i ,y−

i )∈D(k)
sc

∑
j

log pMk
(y+i,j | y

+
i,<j ,

xv
i , x

t
i, y

−
i ),

(5)

where the model is encouraged to generate a more reliable
response y+i by conditioning on the incorrect one y−i . In this
fashion, the model can iteratively refine its reasoning over
successive iterations, mitigating erroneous interpretations.

2.3 Self-focusing
Motivation. Due to over-reliance on the textual modality,
current MSD models shows weak generalizability in OOD
scenarios. To this end, we shift towards the visual modality,
leveraging localized emphasis to effectively capture sarcas-
tic cues. We propose a self-focusing module that compels the
model to attend to sarcasm-related visual entities.

We resort to DPO, a popular method for aligning lan-
guage models with human preferences. Instead of learning
a separate reward model, DPO directly optimizes the pol-
icy using preference data. Given a dataset of preference
pairs {x, y+, y−} ∈ D, where y+ and y− denote the pre-
ferred and dispreferred responses for input x, respectively,
the probability of preferring y+ over y− is modeled as:
p(y+ ≻ y−) = σ

(
r(x, y+)− r(x, y−)

)
, where σ(·) denotes

the sigmoid function. To directly optimize for this prefer-
ence structure, DPO expresses the reward function in terms
of the policy πθ and a fixed reference model πref as follows:
r(x, y) = β log πθ(y|x)

πref(y|x) + β logZ(x), where β is a scaling
factor and Z(x) is the partition function. Substituting this
reward formulation into the preference objective, the opti-
mization objective of DPO can be derived as:

L = −E(x,y+,y−)∼D
[
log σ

(
β log

πθ(y
+|x)

πref(y+|x)

−β log
πθ(y

−|x)
πref(y−|x)

)]
.

(6)

During training, the reference πref remains fixed, while the
policy πθ is updated to maximize preference alignment.

Unlike standard DPO that aligns textual responses, we re-
formulate the input as multimodal pairs (xt, xv). Let D(k) =

{(xt
i, x

(v,+)
i , x

(v,−)
i , y+i )}

|D(k)|
i=1 be our constructed prefer-

ence set, where (1) x(v,+) denotes the original image with
sarcasm-relevant entities, and (2) x(v,−) denotes perturbed
image where key entities are corrupted. Following Eq. (6),
the self-focusing loss function can be rewritten as follows:

Lfoc = −E
(xt

i,x
(v,+)
i ,x

(v,−)
i ,y+

i )∼D(k)

[
log σ

(
β log

πθ(y
+
i |x

(v,+)
i , xt

i)

πref(y
+
i |x

(v,+)
i , xt

i)
− β log

πθ(y
+
i |x

(v,−)
i , xt

i)

πref(y
+
i |x

(v,−)
i , xt

i)

)]
,

subject to ∃m,n ≤ k : a
(m)
i = âi ∧ a

(n)
i ̸= âi.

(7)
Here, we focus on samples that have been both previously

mispredicted and correctly predicted, as they are ambiguous.
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The challenge then lies in constructing the dispreferred im-
age input x(v,−)

i . We extract textual entities Et and visual
entities Ev using a syntax parser1 and an object detector.2
After that, we randomly select an entity from Et ∩ Ev; if
Et ∩ Ev = ∅, we instead randomly select one from Ev . We
then introduce controlled noise into the bounding box of the
selected entity region xv

(i,r)+N (0, σ2), where N (0, σ2) de-
notes Gaussian noise with perturbation intensity controlled
by σ. Finally, the perturbed region is reintegrated into the
image xv

i to form the dispreferred image input x(v,−)
i .

Theoretical Analysis. Let X = (xv, xt) be input image-
text pair. The model’s prediction is denoted by p(y | X) =
f(ϕv(x

v), ϕt(x
t)), where ϕv and ϕt encode the visual and

textual semantics, respectively. Under a distribution shift,
over-reliance on textual features ϕt can lead to suboptimal
performance. We address this by encouraging the model to
be sensitive to perturbations in key visual entities:

Ex(v,+)∼D, x(v,−)=x(v,+)+∆v

[
log

πθ(y
+ | xt, x(v,+))

πθ(y+ | xt, x(v,−))

]
≥ δ,

(8)
where ∆v perturbs key visual entities in xv . This principle
is implemented via our self-focusing loss Lfoc (from Eq. 7),
which we formulate as a constrained optimization problem:

min
πθ

Lfoc ≜ −E [log σ (β∆ log πθ)] s.t. I(y;ϕv | ϕt) ↑,
(9)

where I(y;ϕv | ϕt) measures the information gain from vi-
sual features ϕv given textual features ϕt, and ∆ log πθ =
log πθ(y

+ | x(v,+), xt)− log πθ(y
+ | x(v,−), xt).

By solving this objective, the gradient updates with re-
spect to the textual features ϕt can be shown to satisfy:

∂Lfoc

∂ϕt
∝ ∇ϕtI(y;ϕv | ϕt)

− λ
∂

∂ϕt
KL

(
p(y | ϕv, ϕt) ∥ p(y | ϕt)

)︸ ︷︷ ︸
Textual Bias

,
(10)

thus suppressing spurious dependence on ϕt by penalizing
the textual bias term, which in turn preserves reasoning
grounded in visual features ϕv (assuming ∇ϕtI(·) is small).

3 Experiments
3.1 Setup
Datasets. We evaluate our model on two public MSD
datasets: (1) MMSD2.0 (Qin et al. 2023), a corrected ver-
sion of the raw MMSD dataset (Cai, Cai, and Wan 2019)
from Twitter (rebranded as X), which removes spurious cues
and fixes unreasonable annotations, and (2) RedEval (Tang
et al. 2024), which provides a test set from Reddit that we
use as OOD data to assess the model generalizability. De-
tailed statistics of these two datasets are reported in Table 1.

1https://www.nltk.org/
2https://cloud.google.com/vision/docs/object-localizer

Dataset Split #Pos. #Neg. #Total #Avg. Token

MMSD2.0
Train 9,576 10,240 19,816 13.42
Validation 1,042 1,368 2,410 13.64
Test 1,037 1,372 2,409 13.52

RedEval Test 395 609 1,004 7.35

Table 1: Dataset statistics. “#Pos.” and “#Neg.” denote the
number of positive and negative samples. “#Avg. Token” de-
notes the average number of words per sample.

Evaluation Metrics. Following previous works (Qin et al.
2023; Tang et al. 2024; Chen et al. 2024; Yuan et al. 2025),
we adopt accuracy (Acc.), macro-average precision (P), re-
call (R) and F1 score to assess the model performance.

Comparison Models. We select a variety of MSD models,
which are categorized as follows: (1) Classification-based:
Multi-view CLIP (Qin et al. 2023), DGP (Ma et al. 2024b),
CofiPara (Chen et al. 2024), and ESAM (Yuan et al. 2025);
(2) Generation-based: LLaMA2-7B (Touvron et al. 2023),
LLaVA-1.5-7B (Liu et al. 2024), Tang et al. (2024), LLaVA-
1.5-7B + STaR (Zelikman et al. 2022), and LLaVA-1.5-7B
+ V-STaR (Hosseini et al. 2024) ; and (3) Reasoning-based:
GPT-4o (Hurst et al. 2024), o3, Gemini 1.5 Pro (Team et al.
2024), and Gemini 2.5 Pro (Comanici et al. 2025).

Implementation Details. We employ LLaVA-1.5-7B (Liu
et al. 2024) as primary LVLM. For further validation, we
also conduct experiments with Qwen2-VL-7B (Wang et al.
2024) and Qwen2.5-VL-7B (Bai et al. 2025). Following pre-
vious works (Tang et al. 2024), we adopt LoRA (Hu et al.
2022) with a rank of 128 and alpha of 256 for LLaVA-1.5,
and a rank of 64 with alpha 16 for Qwen2-VL. We employ
DeepSpeed Zero2 (Rasley et al. 2020), maintaining a global
batch size of 32 and a learning rate of 3e− 5. We run a total
of 3 iterations for MMSD2.0, with 2 epochs of training per
iteration. All experimental results are averaged over 5 runs.

3.2 Main Results
Table 2 summarizes the main results of the proposed S3-
MSD against baselines. For cost-efficiency, we further eval-
uate the reasoning-based models and cross-architecture gen-
eralizability of S3-MSD on our custom MMSD2.0* sub-
test, which contains 500 instances (250 sarcastic, 250 non-
sarcastic) randomly sampled from the test set. From Table 2
and Figure 4, we can obtain the following observations:
(1) S3-MSD outperforms all SOTA baselines across both in-
distribution and OOD datasets, demonstrating its capability
to effectively capture subtle inconsistencies in MSD. Com-
pared with LLaVA-1.5 which directly trains on golden la-
bels, incorporating explanations in S3-MSD achieves accu-
racy improvements of 4.12% and 3.88% on MMSD2.0 and
RedEval, respectively. Furthermore, the enhanced general-
izability from visual entity emphasis enables S3-MSD to
maintain robust performance under OOD scenarios.
(2) The performance gain on RedEval is more notable, with
S3-MSD achieving a 2.98% accuracy improvement com-
pared to 2.17% on MMSD2.0. This can be attributed to the
self-focusing module, which emphasizes sarcasm-related vi-
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Model w/ E? MMSD2.0 (In-distribution) RedEval (Out-of-distribution)

Acc. (%) P (%) R (%) F1 (%) Acc. (%) P (%) R (%) F1 (%)

Multi-view CLIP (Qin et al. 2023) ✗ 85.64 80.33 88.24 84.10 80.98 80.85 82.62 80.73
DGP (Ma et al. 2024b) ✗ 87.21 87.10 86.48 86.75 - - - -
CofiPara (Chen et al. 2024) ✗ 85.70 85.96 85.55 85.89 - - - -
ESAM (Yuan et al. 2025) ✗ 85.87 83.12 86.05 84.56 - - - -

LLaMA2-7B∗ (Touvron et al. 2023) ✗ 84.68 84.40 84.94 84.53 81.38 80.47 80.60 80.53
LLaVA-1.5-7B (Liu et al. 2024) ✗ 85.18 85.89 85.20 85.11 82.77 83.66 82.25 82.44

+ Tang et al. (2024) ✗ 86.43 87.00 86.30 86.34 83.47 83.12 82.60 82.83
+ STaR (Zelikman et al. 2022) ✓ 86.81 86.71 86.59 86.65 83.49 83.40 82.92 83.16
+ V-STaR (Hosseini et al. 2024) (k = 3) ✓ 87.45 87.42 87.30 87.36 84.35 84.12 83.87 83.99
+ V-STaR (Hosseini et al. 2024) (k = 5) ✓ 87.68 87.59 87.49 87.54 84.73 84.55 84.42 84.48

S3-MSD (Ours) ✓ 88.69 88.74 88.43 88.57 85.98 85.62 85.06 85.34

Table 2: Main results. “w/ E?” denotes whether the answer is provided with detailed explanations. “∗” indicates that the model
uses image captions as visual inputs. “k” refers to the number of sampled candidate explanations during inference. Best results
are in bold. The improvements over all baselines are statistically significant with p < 0.05 under the t-test.
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Figure 4: Comparison between S3-MSD and other SOTA
open-source and close-source LVLMs. Note that each model
provides answers accompanied by detailed explanations.

sual entities and effectively mitigates over-reliance on tex-
tual information, thereby improving generalizability.
(3) S3-MSD is compatible with other LVLMs and outper-
forms untuned closed-source models. The fine-tuned open-
source model outperforms closed-source methods, particu-
larly achieving an average accuracy improvement of round
10% on the MMSD2.0* test set. This demonstrates that task-
specific, relatively smaller models can effectively outper-
form general-purpose, larger models on specialized tasks.
Furthermore, the proposed model is compatible with dif-
ferent backbone architectures and significantly enhances the
performance of its original counterpart by a large margin.

3.3 Explainability Analysis
Human Evaluation. To evaluate explainability, we con-
duct a human evaluation comparing our model’s responses
against the baseline V-STaR. We randomly sampled 100
instances, where three annotators judged whether the ex-
planation from S3-MSD was better (Win), worse (Lose),

or of comparable quality (Tie). The final label for each
instance was determined by majority vote. Cases of com-
plete disagreement (i.e., one vote for each category) were re-
evaluated by the annotators to reach a consensus. As shown
in Figure 5, the results indicate that: (1) Explanations from
S3-MSD were judged as superior or equal to V-STaR’s in
81% of cases on MMSD2.0 and 85% on RedEval. (2) The
higher win rate on the out-of-distribution RedEval dataset
further highlights our model’s strong generalization ability.

Evaluation on Sarcastic-only Benchmarks. We further
benchmark S3-MSD against SOTA methods on the MORE
dataset (Desai, Chakraborty, and Akhtar 2022), which con-
sists entirely of sarcastic samples with ground-truth explana-
tions. To ensure a fair comparison with single-task models
(i.e., detection-only or explanation-only), we fine-tune our
model on each dataset separately. Experiments on training
with combined data are detailed in the Appendix.

As shown in Table 4, the proposed S3-MSD fine-tuned on
MORE achieves comparable results on METEOR (55.30)
and BERT-Score (92.03), demonstrating superior fluency
and semantic alignment. Furthermore, the proposed S3-
MSD unifies detection and explanation in a single frame-
work, enhancing its applicability in real-world scenarios.

3.4 Ablation Study
As shown in Table 3, the ablation results validate the effec-
tiveness of each component. Specifically, each component
positively contributes to the performance of the proposed
S3-MSD. Additional ablation variants are presented below.

Necessity of Self-Calibrating. Since we utilize DPO in
the visual modality to emphasize visual semantic entities, a
natural question arises: why apply it to the textual modal-
ity as well, given that positive and negative samples are
naturally generated through sampling? To explore this, we
conducted controlled experiments by removing the self-
calibrating module and replacing it with DPO. As observed
in Figure 6, the reinforced version for the textual modality
exhibits a significant performance drop across both datasets.
We suspect this decline stems from two reasons: (1) MSD
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Model MMSD2.0 (In-distribution) RedEval (Out-of-distribution)

Acc.(%) P(%) R(%) F1(%) Acc.(%) P(%) R(%) F1(%)

S3-MSD (Ours) 88.69 88.74 88.43 88.57 85.98 85.62 85.06 85.34

w/o Self-Training 86.65 87.07 86.60 86.83 84.12 84.33 83.44 83.88
(-2.04) (-1.67) (-1.83) (-1.74) (-1.86) (-1.29) (-1.62) (-1.46)

w/o Self-Calibrating 87.64 87.88 87.65 87.76 85.14 84.98 84.49 84.73
(-1.05) (-0.86) (-0.78) (-0.81) (-0.84) (-0.64) (-0.57) (-0.60)

w/o Self-Focusing 87.31 87.55 87.16 87.35 84.64 84.47 83.79 84.13
(-1.38) (-1.19) (-1.27) (-1.22) (-1.34) (-1.15) (-1.27) (-1.21)

Table 3: Ablation study of key components.

43%

37%

42%

44%

17%

19%

RedEval

MMSD2.0

Ours win Tie Ours lose

Figure 5: Human evaluation between the best baseline V-
STaR and our proposed S3-MSD model.

Model B4 RL MTR BERT-Score

GPT-4o-mini (Hurst et al. 2024) 2.04 20.68 26.45 86.42+ Zero-shot
GPT-4o-mini (Hurst et al. 2024) 2.23 22.01 25.89 86.79+ One-shot
TEAM (Jing et al. 2023) 33.16 50.58 50.95 91.70
TURBO 35.26 53.12 55.17 91.86
(Goel, Chauhan, and Akhtar 2025)

S3-MSD (Ours) 34.25 52.37 55.30 92.03

Table 4: Explanation comparison on the MORE (Desai,
Chakraborty, and Akhtar 2022) dataset. Results of GPT-4o-
mini is from Goel, Chauhan, and Akhtar (2025). Best and
second-best results are in bold and underlined, respectively.
B4: BLEU-4; RL: ROUGE-L; MTR: METEOR.

involves complex semantic understanding, making conflict-
ing reasoning particularly challenging, and (2) the diverse
reasoning paths in textual modality make it difficult to deter-
mine a clear preferred response. Similar to the visual modal-
ity, exploring finer-grained textual preference optimization
could be a promising direction for future research.

Generalizability on Metaphor Detection. To further
evaluate the model generalizability, we conduct preliminary
experiments on the multimodal metaphor detection (MMD)
task, which requires determining the presence of metaphor-
ical features and providing a classification result for a given
set of cross-modal sample pairs. For a fair comparison with
the baselines, we fine-tune BLIP2-2.7B (Li et al. 2023) us-
ing LoRA without careful hyperparameter selection.

As shown in Table 5, S3-MSD achieves superior results
in terms of both accuracy and F1 score compared to base-
lines. Unlike the best baseline C4MMD (Xu et al. 2024) to
employ CoT prompting in LVLMs to generate metaphori-
cal cues, S3-MSD refines metaphorical cues through iter-

87
88
89
Accuracy

Precision

Recall

F1 Score

w/o Self-Calibrating + w/ DPO Full Model

84
85
86
Accuracy

Precision

Recall

F1 Score

(a) MMSD2.0 (b) RedEval

Figure 6: Comparison between our S3-MSD and the rein-
forced version (DPO) for textual modality.

Text: not even <num> miles from the house , ... and it 's so good to see 
michigan 's state flower blooming !
Label: 1 (Sarcastic)
Image:

(a) Original (b) V-STaR (c) S3-MSD

Figure 7: Visualization of the attention maps over the visual
features between V-STaR and S3-MSD. For each layer in
the language model, we retrieve attention scores for all po-
sitions of the visual tokens, average them over all attention
heads, and overlay corresponding heat maps with the image.

ative training. By progressively refining textual responses
and emphasizing key visual features, S3-MSD demonstrates
promising results in deep semantic understanding.

3.5 Qualitative Analysis
Visualization. Apart from theoretically analyzing how
emphasizing visual entities can mitigate over-reliance on
textual modality, we also visualize the attention map of vi-
sual features between the best baseline V-STaR and our S3-
MSD to intuitively demonstrate how our model operates on
the visual modality. As shown in Figure 7, traffic barriers
in the image are key factors in capturing sarcasm. S3-MSD
leverages entity-driven preference optimization to adjust its
focus, ensuring that more attention is allocated to sarcasm-
related visual entities. By prioritizing key entities, S3-MSD
effectively reduces reliance on textual information and en-
hances its ability to capture visual sarcasm cues.
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It smells wonderful out here ! ! \u2013 at sea lions at pier <num>

1. The text describes the smell as "wonderful," which is an exaggerated 
compliment. 2. The image shows a large group of sea lions, which is not 
typically considered "wonderful.” 3. The phrase "at sea lions at pier" 
implies the smell is so bad it's good, which is a contradiction. 
Answer: 1 (Sarcastic)

S3-MSD

Text

Image

V-STaR 1. The text is analyzed as a straightforward compliment, with no obvious 
verbal exaggeration. 2. The image shows sea lions resting on a pier. 3. 
The phrase “sea lions at pier” is treated as a simple location descriptor, 
and there’s no reason to assume any negative context about the smell. 
Answer: 0 (Not Sarcastic)

I bought this t-shirt to wear to church.

1. The text expresses an intention to wear the t-shirt to church. 
2. The image shows a casual t-shirt with a bold religious 
statement. 3. The contrast between the serious religious message 
and the informal style of the t-shirt creates a contradiction. 
Answer: 1 (Sarcastic)

Text

Image

V-STaR 1. The text expresses a straightforward intention to wear the t-
shirt to church. 2. The image shows a casual t-shirt featuring a 
religious slogan. 3. There perceives no incongruity or sarcastic 
intent between the text and the image. 
Answer:0 (Not Sarcastic)

(a) MMSD2.0 (b) RedEval

S3-MSD

Figure 8: Case study between the proposed S3-MSD and best baseline V-STaR on MMSD2.0 (a) and RedEval (b). Answers in
red denote mispredictions, while the correct ones are in green. (zoom-in for better view)

Model Acc. P R F1

CLIP (Zhao et al. 2023) 75.05 60.83 83.07 70.23
BLIP2-2.7b (Li et al. 2023) 85.66 80.61 78.34 79.46
MultiCMET (Zhang et al. 2023) 85.66 82.69 75.25 78.79
C4MMD (Xu et al. 2024) 87.70 83.33 81.58 82.44
S3-MSD (Ours) 88.23 83.26 82.10 82.68

Table 5: Performance comparison for multimodal metaphor
detection on the MET-Meme dataset (Xu et al. 2022).

Case study. To intuitively verify how our model works,
we present two cases comparing V-STaR and S3-MSD on
MMSD2.0 and RedEval, respectively. As depicted in Fig-
ure 8, V-STaR makes errors due to its reliance on text in case
(a), where the word “wonderful” typically appears in non-
sarcastic contexts. Similarly, in case (b), V-STaR incorrectly
interprets the image when incorporating the text. In contrast,
the proposed S3-MSD leverages iterative explanation gen-
eration and calibration along with visual entity emphasis, to
correctly capture cross-modal inconsistencies.

4 Related Work
Multimodal Sarcasm Detection. MSD has emerged as
a critical research task for identifying cross-modal incon-
gruity (Zhu et al. 2024a,b; Tian et al. 2023; Tang et al.
2024). Existing MSD methods can be broadly categorized as
classification-based or generation-based (Zhu et al. 2025).

Classification-based methods design sophisticated fu-
sion: early attention architectures (Pan et al. 2020); recent
GNNs (Wu et al. 2020; Liang et al. 2022; Wei et al. 2024);
knowledge enhancement (Liu, Wang, and Li 2022; Wei et al.
2025); and disentanglement of modalities (Qin et al. 2023).
Generation-based approaches now leverage LVLMs: Tang
et al. (2024) introduce CLIP-based (Radford et al. 2021)
demonstration retrieval for in-context learning.

Despite promising results achieved, these works lack

explainability and OOD robustness. Related sarcasm-
explanation studies (Desai, Chakraborty, and Akhtar 2022;
Jing et al. 2023) target sarcasm datasets but neglect detec-
tion, limiting real-world use. We first bridge detection and
explanation for comprehensive sarcasm understanding.

Self-Training Frameworks. Self-training, which lever-
ages a model’s own outputs for iterative improvement, is
a well-established paradigm (Deng et al. 2024; Wang, Li,
and Lu 2024; Khan et al. 2024). A prominent example is
STaR (Zelikman et al. 2022), where a model refines itself
using its self-generated correct rationales. This concept has
been extended by methods like rejection sampling for math
reasoning (Yuan et al. 2023) and V-STaR (Xie et al. 2024),
which employs a verifier trained via Direct Preference Op-
timization (DPO) (Rafailov et al. 2023) to rank and select
the best of multiple generated explanations. Other alignment
techniques like Reinforcement Learning from Human Feed-
back (RLHF) (Christiano et al. 2017) and various DPO ap-
plications (Ouali et al. 2024) are also widely used.

In this paper, we adopt a self-training framework to alle-
viate the scarcity of explanatory data in MSD. Furthermore,
we introduce a self-calibrating module and a self-focusing
module that iteratively refine imperfect explanations while
enhancing the emphasis on salient visual entities.

5 Conclusion
This paper proposed S3-MSD, a new LVLM for explain-
able and generalizable MSD. To develop S3-MSD, we in-
corporate a self-training paradigm and a self-calibrating
mechanism to enhance explainability, as well as a self-
focusing module to improve generalizability in OOD sce-
narios. Experimental results demonstrate that S3-MSD not
only achieves SOTA performance in detection but also gen-
erates persuasive explanations. Method analysis including
component ablation, cross-architecture comparisons, and
cross-task evaluations reveals the potential of our model.
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