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Abstract001

Multi-modal sarcasm detection aims to iden-002
tify the true, often opposite, intent behind on-003
line text-image content. While existing meth-004
ods leverage graph or attention mechanisms to005
model incongruity, they often fail to capture the006
nuanced, hierarchical nature of sarcasm at both007
word and sentence levels, and are insensitive008
to sparse sarcastic cues. This paper proposes a009
novel hierarchical framework featuring a dual-010
layer associated incongruity learning mecha-011
nism. At the word level, our Word-Centered012
Incongruity Deduction Module captures con-013
tradictions between entities and modifiers. At014
the sentence level, the Sentence-Centered Mu-015
tual Guidance Module models semantic oppo-016
sition across sentences. To address sparse clue017
suppression, we introduce a Proportion-Biased018
Position Encoding Network. Furthermore, for019
product reviews, we integrate user ratings via a020
Rating-Augmented Multi-Modal Sarcasm De-021
tection module. Evaluations on the MMSD2.0022
benchmark and our newly constructed Amazon023
Product Review Sarcasm (APRS) dataset show024
our model outperforms state-of-the-art methods025
by 0.3% and 1.8% in accuracy and precision, re-026
spectively, demonstrating its effectiveness and027
robustness.028

1 Introduction029

Sarcasm, an expression where the literal meaning030

contradicts the underlying intent, is pervasive in031

online multi-modal content . Its detection is crucial032

for applications like social media monitoring and033

opinion analysis . Current multi-modal sarcasm034

detection methods primarily fall into graph-based035

and attention-based paradigms. These approaches,036

however, exhibit a key limitation: a tendency to037

prioritize semantic consistency during feature ag-038

gregation, which inadvertently dilutes the very in-039

congruity signals essential for sarcasm detection040

(Guo et al., 2025). Moreover, they lack explicit041

Figure 1: This real-shot image displays a crumpled, low-
quality white T-shirt (laid on a sofa) with rough finish-
ing. Its accompanying review line—“Such a premium,
luxurious tee!”—conveys sarcasm via the contradiction
between textual praise and the shabby visual in a prod-
uct review context.

mechanisms to model the hierarchical nature of sar- 042

castic incongruity—from fine-grained lexical con- 043

tradictions to broader sentential opposition—and 044

are often blind to the impact of sparse sarcastic clue 045

distribution. 046

To bridge these gaps, we propose a hierarchical 047

multi-modal sarcasm detection framework inspired 048

by human comprehension. Our core contribution 049

is a “dual-layer associated incongruity learning” 050

approach. First, at the word level, our WIDM mod- 051

ule identifies and amplifies contradictions between 052

entities and their descriptors. Second, leveraging 053

these word-level clues, our SMGM module con- 054

structs and analyzes chains of semantically oppos- 055

ing sentences. To prevent sparse but critical sar- 056

castic words from being overwhelmed, we design 057

PBPE-Net to adjust positional encoding based on 058
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sentiment intensity. Finally, recognizing the unique059

context of product reviews, we incorporate user rat-060

ings through the RAMSD module as an additional,061

explicit incongruity signal.062

The main contributions of this paper are as063

follows:064

• Word-level hierarchical modeling: From a065

lexical perspective, we adopt an entity-centric066

strategy. For the same entity, we increase067

the semantic distance between contradictory068

descriptions (antonyms) while reducing the069

distance between synonymous descriptions.070

Subsequently, we introduce a weighted calcu-071

lation based on token dispersion to quantify072

the discrepancy between factual information073

and emotional expression.074

• Sentence-level hierarchical modeling: From075

a sentential perspective, we compute mutual076

scores between sentences to identify the one077

with the highest sarcasm probability. Then,078

conditioned on this sentence, we identify other079

sentences most likely to be sarcastic, con-080

structing a chain of associated sarcastic sen-081

tences.082

• Proportion-aware position encoding: We083

add a bias term to the position encoding at the084

sentence level. Based on previous computa-085

tional results and the main subject described086

by the image, we calculate the semantic pro-087

portion within sentences. Since some samples088

contain sarcasm throughout an entire sentence089

while others have sparse sarcastic cues within090

long texts that are easily overlooked, this bias091

term adjusts for such proportional imbalances.092

• High-quality dataset construction: We093

construct a standardized multi-modal sar-094

casm dataset containing 14,349 "text-image-095

rating" triples from Amazon product reviews.096

Through manual annotation and verification,097

we ensure its high quality, with accurate labels098

and balanced class distribution.099

Comprehensive experiments on the MMSD2.0100

benchmark and our self-collected APRS dataset val-101

idate the proposed framework. Our model achieves102

superior performance, surpassing strong baselines103

and demonstrating the importance of hierarchical104

modeling and proportion-aware learning for accu-105

rate sarcasm detection.106

2 Related Work 107

2.1 Multi-modal Sarcasm Detection 108

Multi-modal sarcasm detection, targeting sarcasm 109

identification from text-image pairs, has become a 110

key focus with the prevalence of multi-modal social 111

media content. Early efforts centered on text-only 112

detection, using pattern-based rules (Davidov et al. 113

2010) or contextual modeling (Tay et al. 2018), but 114

failed to cover multi-modal expressions. 115

In the multi-modal fusion phase, Schifanella et 116

al. (2016) pioneered feature concatenation with 117

attention fusion, while Cai et al. (2019) proposed 118

HFM and released the MMSD dataset. Xu et 119

al. (2020) and Pan et al. (2020) modeled cross- 120

modal relations via decomposition networks and 121

co-attention mechanisms, respectively. Graph- 122

based methods dominated later, with InCrossMGs 123

(Liang et al. 2021), CMGCN (Liang et al. 2022), 124

and HKE (Liu et al. 2022) capturing inter/intra- 125

modal incongruities, yet neglecting global semantic 126

consistency. 127

Recent advances include G2SAM (Wei et al. 128

2024) integrating global semantic awareness and 129

contrastive learning, multi-view CLIP (Qin et al. 130

2023) with MMSD2.0 to eliminate spurious cues, 131

and ITFNet (Zhang et al. 2025) proposing incon- 132

gruity preference learning to address distortion 133

issues of traditional consistency-based methods. 134

DMSD-CL (Jia et al. 2024) and MICL (Guo et 135

al. 2025) further enhanced model robustness via 136

contrastive learning. 137

2.2 Graph Neural Networks 138

Graph Neural Networks (GNNs) excel at graph- 139

structured data representation. Core models like 140

GCN (Kipf et al. 2016), GAT (Velicković et al. 141

2017), and GraphSAGE (Hamilton et al. 2017) are 142

widely used for cross-modal relation modeling in 143

sarcasm detection, but suffer from underutilization 144

of global semantics (Wei et al. 2024). 145

2.3 Contrastive Learning 146

Contrastive learning enhances feature discrim- 147

inability by constructing positive and negative sam- 148

ple pairs. After You et al. (2020) proposed the 149

graph contrastive learning framework, LGCL (Wei 150

et al. 2024) and DMSD-CL (Jia et al. 2024) applied 151

it to multi-modal sarcasm detection, significantly 152

improving generalization and detection accuracy. 153
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3 Method154

Our framework is designed to hierarchically cap-155

ture incongruity from words to sentences and156

across modalities. Figure 1 illustrates the overall157

architecture, which integrates four key modules.158

3.1 Word-Centered Incongruity Deduction159

Module (WIDM)160

Sarcasm often arises from contradictions between161

an entity and its descriptors (Lu et al., 2024).162

WIDM captures this through entity-modifier as-163

sociation clustering and cross-entity weighted de-164

duction.165

3.1.1 Entity-Modifier Association Clustering166

We first identify core entities E = {e1, e2, ..., em}167

and their modifiers M = {mij} via dependency168

parsing. The semantic relevance between entity ei169

and modifier mij is calculated as:170

sij =
fei · fmij

∥fei∥2 · ∥fmij∥2
(1)171

where f denotes feature embeddings. Modifiers of172

the same entity are then clustered in the embedding173

space to reinforce consistent descriptions:174

f ′mij
= fmij +

1

k

k∑
t=1

sit · (fei − fmit). (2)175

3.1.2 Cross-Entity Weighted Deduction176

To capture contradictions across different entities177

describing the same event, we construct a cross-178

entity relevance graph. Graph propagation is then179

applied to deduce contradictory relationships be-180

tween modifiers of associated entities, revealing181

implicit sarcasm clues.182

3.2 Sentence-Centered Mutual Guidance183

Module (SMGM)184

Sarcasm can manifest as opposition between sen-185

tences (Xu et al., 2020). SMGM operates in three186

steps.187

3.2.1 Sentence-Level Sarcasm Probability188

Initialization189

Leveraging word-level incongruity scores ik from190

WIDM, the sarcasm probability for a sentence is191

computed as a weighted sum:192

ps =

∑n
k=1wk · ik∑n

k=1wk
, where wk = salk·(1−simk).

(3)193

Here, salk is word saliency and simk its similarity194

to the sentence mean.195

3.2.2 Mutual Guidance Sequence 196

Construction 197

The sentence with the highest ps is selected as the 198

seed S∗. A guidance sequence S is iteratively built 199

by adding sentences that co-occur with S∗ and ex- 200

hibit significant sentiment difference. 201

3.2.3 Inter-Sentence Weighted Interaction 202

A weight matrix based on sentiment intensity and 203

difference is constructed to model interactions 204

within S, producing the final sentence-level fea- 205

tures that highlight opposition. 206

3.3 Proportion-Biased Position Encoding 207

Network (PBPE-Net) 208

Sparse sarcastic words are often overshadowed 209

(Pan et al., 2020). PBPE-Net identifies sentiment- 210

intensive regions (words with high intensity ιk) and 211

amplifies their influence in Transformer models by 212

adding a bias term to their positional encoding: 213

PE′(pos) = PE(pos) + β · ιk · PE(pos). This in- 214

creases the model’s sensitivity to sparse clues. 215

3.4 Rating-Augmented Multi-Modal Sarcasm 216

Detection (RAMSD) 217

For product reviews, ratings vr offer direct truth 218

signals (Desai et al., 2022). RAMSD computes 219

the incongruity between the rating and the fused 220

text-image sentiment vti as dinc = ∥vr − vti∥2. 221

A large dinc indicates strong sarcasm. This score 222

is fused with word-level (Fw) and sentence-level 223

(Fsent) features for the final prediction: Ffinal = 224

γ1Fw + γ2Fsent + γ3dinc · e. 225

4 Experiments 226

4.1 Datasets and Evaluation Metrics 227

Datasets: We use the MMSD2.0 benchmark (Qin 228

et al., 2023) and our new Amazon Product Review 229

Sarcasm (APRS) dataset (8k samples, text-image- 230

rating triples, Cohen’s Kappa = 0.89). Metrics: 231

We adopt Accuracy (Acc), Precision (P), Recall 232

(R), and F1-score as evaluation metrics for compre- 233

hensive performance assessment. 234

4.2 Implementation Details 235

We utilize CLIP ViT-B/32 (Radford et al., 2021), 236

the AdamW optimizer with a learning rate of 1e-5, 237

weight decay of 1e-4, and train for 10 epochs. All 238

experiments are conducted on an NVIDIA 4090 239

GPU with 24GB memory using the PyTorch 2.0 240

framework. 241
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Figure 2: The proposed hierarchical multi-modal sarcasm detection framework consists of four synergistic modules
designed to capture incongruity at different linguistic and perceptual levels: the Word-Centered Incongruity
Deduction Module (WIDM) extracts fine-grained lexical contradictions, the Sentence-Centered Mutual Guidance
Module (SMGM) models inter-sentential semantic opposition, the Proportion-Biased Position Encoding Network
(PBPE-Net) amplifies sparse sarcastic clues, and the Rating-Augmented Multi-Modal Sarcasm Detection module
(RAMSD) integrates explicit user feedback to resolve cross-modal ambiguity.

4.3 Baseline Models242

We compare against three categories of baseline243

models: - Text-based models: BiLSTM (Graves244

and Schmidhuber, 2005), BERT (Devlin et al.,245

2018), RoBERTa (Liu et al., 2019), and TextCNN246

(Kim, 2014). - Image-based models: ResNet (He247

et al., 2016) and ViT (Dosovitskiy et al., 2020).248

- Multi-modal models: HFM (Cai et al., 2019),249

CMGCN (Liang et al., 2022), ITFNet (Zhang et al.,250

2025), and LLaVA1.5-7B (Liu et al., 2023).251

4.4 Main Results252

4.4.1 Results on MMSD2.0 Dataset253

As shown in Table 1, our model achieves the high-254

est accuracy of 87.03% on the MMSD2.0 bench-255

mark, outperforming all compared multi-modal256

baselines. Notably, it surpasses the second-best257

model ITFNet by 0.3% in accuracy. The improve-258

ments in precision (88.92%) and F1-score (87.10%)259

demonstrate our model’s capability to effectively260

model hierarchical incongruity while maintaining261

balanced performance across metrics. The PBPE-262

Net module specifically contributes to a 2.1% im-263

provement in recall for samples with sparse sarcas-264

tic cues.265

In our implementation, we set the feature dimen- 266

sions for text and image embeddings to 768. For 267

visual graph modeling, we extract 36 regions per 268

image and create edges between regions with co- 269

sine similarity over 0.6. The graph-aligned fusion 270

module consists of 6 self-attention layers. We note 271

that models based on the text modality are more 272

competitive against the baselines on image modal- 273

ity, due to the lower information density of the 274

image modality compared to the text modality. 275

4.4.2 Results on APRS Dataset 276

Table 2 presents the performance on our newly 277

constructed APRS dataset. Our model achieves 278

the best accuracy of 92.87%, significantly outper- 279

forming other multi-modal baselines by at least 280

1.82%. The integration of user ratings via the 281

RAMSD module contributes a 1.2% accuracy im- 282

provement, validating that explicit user feedback 283

provides strong ground-truth signals for resolving 284

cross-modal ambiguity in product review contexts. 285

This demonstrates the effectiveness of our rating- 286

augmented approach in domain-specific sarcasm 287

detection. 288
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Table 1: Experimental results on the MMSD2.0 benchmark dataset comparing text-only, image-only, and multi-
modal approaches. Our proposed hierarchical model achieves state-of-the-art performance by effectively capturing
word-level and sentence-level incongruities while mitigating the suppression of sparse sarcastic signals through
proportion-aware modeling.

Modality Model Acc(%) P(%) R(%) F1(%)

Text
TextCNN 71.61 64.46 73.18 69.63
BiLSTM 72.48 68.07 70.96 68.16
SMSD 73.56 68.29 70.91 69.97

Image
ResNet 65.50 64.16 74.98 66.15
ViT 72.02 65.23 76.44 67.45

Multi-modal

HFM 70.57 64.84 65.06 66.88
Att-Bert 80.03 76.38 77.82 77.04
CMGCN 79.83 75.87 78.91 78.09
HKE 76.50 73.48 77.92 77.25
DynRT-Net 71.40 71.80 72.17 71.34
Multi-view CLIP (Frozen) 84.72 - - 83.64
Multi-view CLIP (Full
Finetuned)

85.64 80.36 81.24 81.10

LLaVA1.5 85.18 83.19 90.89 90.93*
LLaVA1.5-VIDR 86.43 87.00 86.30 88.33
ITFNet (Full Finetuned) 86.73 87.08 88.94* 88.39

OURS 87.03* 88.92* 87.05 87.10

4.4.3 Comparison with State-of-the-Art289

Methods290

Table 1 shows a comprehensive comparison with291

state-of-the-art methods on the MMSD2.0 dataset.292

Our method achieves the best performance across293

all metrics, demonstrating its superiority over ex-294

isting approaches. The results indicate that our295

hierarchical incongruity learning framework effec-296

tively captures multi-modal sarcastic cues.297

4.5 Ablation Study298

To validate the contribution of each proposed mod-299

ule, we conduct comprehensive ablation experi-300

ments on the APRS dataset, as shown in Table301

3. Starting from a baseline model without our pro-302

posed modules (86.2% accuracy), we incrementally303

add components to analyze their individual impact.304

The Word-Centered Incongruity Deduction Mod-305

ule (WIDM) is the foundational underpinning—its306

ablation induces a 2.3% accuracy drop, the most307

substantial among all components. By modeling308

entity-modifier semantic conflicts and cross-entity309

contradictions, WIDM captures fine-grained lexi-310

cal incongruity that constitutes the core of sarcastic311

expression, making it irreplaceable for granular312

semantic parsing.313

The Sentence-Centered Mutual Guidance Mod- 314

ule (SMGM) delivers a 1.5% accuracy gain by en- 315

coding inter-sentential semantic opposition. Its 316

ability to construct sarcasm-associated sentence 317

chains enables the model to scale from isolated 318

lexical cues to structural sarcastic patterns, address- 319

ing the limitation of flat contextual modeling in 320

existing methods. 321

The Proportion-Biased Position Encoding Net- 322

work (PBPE-Net) contributes 0.8% to accuracy by 323

mitigating the suppression of sparse sarcastic cues. 324

Through sentiment-intensity-aware positional ad- 325

justment, it enhances the model’s sensitivity to crit- 326

ical but scattered sarcastic elements, balancing per- 327

formance across diverse sarcasm distributions. 328

The Rating-Augmented Multi-Modal Sarcasm 329

Detection (RAMSD) adds 1.2% accuracy by in- 330

tegrating user ratings as explicit incongruity sig- 331

nals. This domain-specific enhancement resolves 332

cross-modal ambiguity inherent in product reviews, 333

leveraging explicit feedback to complement im- 334

plicit text-image cues— a capability unique to our 335

framework. 336

This progressive improvement confirms the syn- 337

ergistic roles of our hierarchical design, where each 338

module addresses a specific aspect of sarcastic in- 339
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Table 2: Performance evaluation on our newly constructed Amazon Product Review Sarcasm (APRS) dataset, which
incorporates user ratings as an explicit modality alongside text and images. The results highlight the advantage of
our RAMSD module in leveraging rating information to resolve cross-modal incongruity, particularly in e-commerce
contexts where user feedback provides strong ground-truth signals about genuine sentiment.

Modality Model Acc(%) P(%) R(%) F1(%)

Text

BiLSTM 87.18 70.31 66.77 68.49
BERT 88.42 72.35 72.11 72.21
TextCNN 86.69 71.18 60.83 65.60
RoBerta 88.11 71.51 71.51 71.51

Image
ResNet 76.85 65.32 62.18 63.66
ViT 81.24 68.95 67.33 68.12

Multi-modal

HFM 89.56 78.43 77.89 78.16
CMGCN 90.12 80.15 79.67 79.91
OURS 92.87* 86.54* 83.21* 84.84*

Table 3: Comprehensive ablation study conducted on the APRS dataset to quantify the individual contribution of
each proposed module within our hierarchical framework. The incremental performance gains demonstrate the
synergistic effect of word-level incongruity deduction, sentence-level mutual guidance, proportion-biased encoding
for sparse clues, and rating augmentation for resolving cross-modal ambiguity.

Module Combination Acc(%) P(%) R(%) F1(%)

Baseline (without any module) 86.2 78.1 75.3 76.7
+ WIDM 88.5 80.2 77.8 79.0
+ WIDM + SMGM 90.0 82.5 79.1 80.8
+ WIDM + SMGM + PBPE-Net 90.8 84.1 81.0 82.5
+ WIDM + SMGM + PBPE-Net + RAMSD 92.87 86.54 83.21 84.84

congruity while complementing others.340

5 Conclusion341

This paper proposed a hierarchical framework342

for multi-modal sarcasm detection. By intro-343

ducing dual-layer associated incongruity learning344

(WIDM and SMGM), a proportion-biased encod-345

ing scheme (PBPE-Net), and a rating-augmented346

module (RAMSD), we effectively capture sarcastic347

incongruity from words to sentences and across348

modalities. Significant improvements over SOTA349

models on both public and new datasets validate350

our approach.351

6 Limitations352

Our model depends on pre-trained vision-language353

models, which may limit performance in low-354

resource languages or niche domains. Future work355

will explore integrating audio cues, applying the356

framework to related tasks (e.g., rumor detection),357

and reducing dependency on large pre-trained mod-358

els.359
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