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Abstract001

Multimodal posts on social media pose a002
fine-grained affective understanding challenge:003
the decisive signal often lies in instance-004
specific discrepancies between text and im-005
age, yet models are easily misled by weak006
cross-modal relevance, heterogeneous mis-007
match types (semantic, entity-level, and affec-008
tive), and spurious lexical shortcuts. These009
issues are central to multimodal aspect-010
based sentiment analysis (MABSA), which011
demands aspect-conditioned predictions un-012
der noisy visual context, and multimodal sar-013
casm detection (MMSD), where sarcasm is fre-014
quently expressed through cross-modal incon-015
gruity rather than surface polarity. We pro-016
pose CIB-MoE (Counterfactual Inconsistency-017
Bottleneck Mixture-of-Experts), a unified018
framework that performs discrepancy-aware019
conditional computation instead of monolithic020
fusion. CIB-MoE builds lightweight differ-021
ence experts that quantify complementary mis-022
match cues—e.g., CLIP-based semantic in-023
consistency and entity-level misalignment de-024
rived from Top-N predicted object labels—and025
routes them through a two-level gate with an026
information-bottleneck regularizer for sparse027
and stable expert usage. To further sup-028
press shortcut-driven routing, we calibrate the029
gate with realizable counterfactual interven-030
tions by substituting the image with neutral031
(text-aligned) and random (noise) alternatives032
and imposing ranking/consistency constraints033
on routing and predictions. Experiments034
on Twitter-2015/2017 and MMSD/MMSD2.0035
show that CIB-MoE achieves state-of-the-art036
performance while improving robustness under037
distribution shift and counterfactual evaluation.038

1 Introduction039

Social media has turned sentiment expression from040

standalone text into multimodal communication,041

where users routinely combine language and im-042

agery to convey nuanced and often non-literal043

Input

Output
Iniesta: Neutral
Real Madrid: Negative
La Liga: Neutral

Sarcasm

(b) the view from my
classroom . lovely weather . 

(a) Jealous Iniesta says Real Madrid will be 
disappointed not to have won La Liga 

+Aspect {Iniesta, Real Madrid, La Liga} 

Figure 1: Example of MABSA and MMSD tasks.

meanings. This trend has motivated two fine- 044

grained tasks: Multimodal Aspect-Based Senti- 045

ment Analysis (MABSA) and Multimodal Sar- 046

casm Detection (MMSD). MABSA predicts the 047

sentiment polarity toward a queried aspect in a post, 048

whereas MMSD identifies sarcasm that arises from 049

an intentional mismatch between literal wording 050

and intended meaning. Despite different objectives, 051

both tasks hinge on a cognitive requirement: detect- 052

ing and interpreting cross-modal incongruity. 053

The key challenge is that the decisive signal 054

seldom resides in a single modality. Instead, it 055

emerges from subtle discrepancies between text 056

and image (semantic, affective, or referential). 057

Early methods largely relied on global feature fu- 058

sion (Cai et al., 2019; Xu et al., 2020), which strug- 059

gles to isolate localized, aspect-specific conflicts. 060

Recent work has moved toward structure-aware 061

modeling, including ambiguity-aware multi-level 062

decompositions (Lu et al., 2024; Li et al., 2025) and 063

dynamic routing mechanisms (Tian et al., 2023; 064

Guan et al., 2025), aiming to capture fine-grained 065

incongruity more explicitly. 066

Figure 1 illustrates that cross-modal interac- 067

tion is inherently fine-grained and component- 068

dependent. In the MABSA example, the same post 069

expresses different polarities for different aspects 070

(Iniesta: neutral; Real Madrid: negative; La Liga: 071

neutral), while the paired image offers only coarse 072

context and can induce aspect-agnostic shortcuts. 073
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In the MMSD example, “lovely weather” conflicts074

with a rainy scene, where surface polarity cues075

become unreliable and sarcasm is triggered by text–076

image contrast. These cases motivate CIB-MoE: a077

unified framework that detects whether an instance078

enters a conflict mode and sparsely routes to dis-079

crepancy experts under an information-bottleneck080

gate, calibrated by counterfactual interventions to081

suppress spurious correlations.082

Despite this progress, state-of-the-art models083

still exhibit three limitations. (i) Many ap-084

proaches reduce multimodal interaction to im-085

plicit, over-parameterized fusion, without catego-086

rizing the underlying discrepancy (e.g., semantic087

vs. entity-level). (ii) Models often exploit dataset-088

specific shortcuts—especially lexical sentiment089

cues—rather than genuine cross-modal conflicts,090

a weakness highlighted by MMSD2.0 (Qin et al.,091

2023). (iii) Modality imbalance remains prevalent:092

dominant textual signals can overwhelm visual ev-093

idence, leading to biased predictions (Jia et al.,094

2024; Zhao et al., 2025). Although causal-inspired095

approaches attempt to mitigate such biases (Zhu096

et al., 2024b; Wu et al., 2025), their predefined and097

shallow structures can be insufficient to adapt to098

diverse discrepancy patterns.099

These observations raise the following question:100

Can we design a unified framework that (i) explic-
itly models diverse types of cross-modal differences
through specialized expertise, while (ii) dynamically
routes information through a calibrated gate that
suppresses spurious shortcuts via counterfactual rea-
soning?

101

We answer this question with CIB-MoE102

(Counterfactual Inconsistency-Bottleneck Mixture-103

of-Experts). CIB-MoE formulates multimodal un-104

derstanding as discrepancy-aware inference: it in-105

troduces four Difference Experts to characterize106

semantic alignment, sentiment/prediction disagree-107

ment, entity overlap, and image-reliance cues. A108

Two-Level Inconsistency-Bottleneck Gate first109

detects conflict mode and then sparsely selects ex-110

perts under an information bottleneck, preventing111

uninformed feature aggregation. Finally, Counter-112

factual Difference Supervision (neutral vs. ran-113

dom image interventions) calibrates routing behav-114

ior, encouraging reliance on task-relevant cross-115

modal evidence rather than incidental correlations.116

Our contributions are:117

• Explicit Difference Modeling: We propose118

specialized experts that decompose cross- 119

modal interaction into semantic, predictive, 120

entity, and image-reliance dimensions, im- 121

proving interpretability. 122

• Two-Level IB Gating: We design a hierarchi- 123

cal, bottlenecked router that detects conflict 124

mode and sparsely selects informative experts, 125

mitigating aspect-agnostic fusion shortcuts. 126

• Counterfactual Calibration: We introduce 127

counterfactual interventions to explicitly su- 128

pervise routing, suppressing spurious correla- 129

tions and improving robustness. 130

• Strong Empirical Results: Experiments on 131

MABSA and MMSD benchmarks demon- 132

strate that CIB-MoE achieves superior perfor- 133

mance and out-of-distribution generalization. 134

2 Related Work 135

2.1 Multimodal Aspect-Based Sentiment 136

Analysis 137

Surveys consistently identify modality imbalance, 138

weak image–aspect relevance, and spurious correla- 139

tions as major obstacles for multimodal sentiment 140

analysis and MABSA (Zhao et al., 2024b). Cor- 141

respondingly, recent MABSA models shift from 142

coarse fusion to structured, fine-grained interaction, 143

including alignment- and multi-view-based designs 144

(e.g., CMFFA, AMIFN) (Xiao et al., 2023; Yang 145

et al., 2024b) and hierarchical structural/semantic 146

alignment (e.g., Atlantis, VLHA) (Xiao et al., 2024; 147

Zou et al., 2025); robustness methods further ad- 148

dress noisy images via denoising curricula (e.g., 149

M2DF) (Zhao et al., 2023). Our work departs from 150

implicit attention-based handling by treating cross- 151

modal discrepancies as explicit routing signals. 152

2.2 Multimodal Sarcasm Detection 153

MMSD hinges on identifying cross-modal con- 154

trast beyond text sentiment alone (Xu et al., 2020), 155

and debiased settings such as MMSD2.0 expose 156

strong reliance on spurious textual cues (Farabi 157

et al., 2024; Qin et al., 2023). Recent approaches 158

leverage VLP models to build visuo-textual rep- 159

resentations and quantify incongruity (Qin et al., 160

2023; Wang et al., 2024), and further decompose 161

inconsistency into factual and affective (sentiment) 162

mismatch (Lu et al., 2024). In parallel, debiasing- 163

oriented methods introduce adaptive routing for 164

sample-specific bias suppression (Wu et al., 2025) 165
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or apply training-free counterfactual debiasing at166

inference time (Zhu et al., 2024b). Our work167

complements these lines by explicitly learning168

discrepancy-aware routing that calibrates modality169

weighting via realizable interventions.170

2.3 MoE and Causal Robustness171

Sparse MoE provides conditional computation and172

has recently been adapted to multimodal and LLM173

settings (Shazeer et al., 2017; Shen et al., 2023,174

2024; Wu et al., 2024; Zhao et al., 2024a; Lo et al.,175

2025; Fang et al., 2025). Causal and counterfac-176

tual approaches debias multimodal affective mod-177

els via causal graphs or intervention-based objec-178

tives (Yang et al., 2024a; Chen et al., 2024; Kim179

et al., 2024; Patil et al., 2023), but typically re-180

quire structural assumptions or treat causality as181

an auxiliary regularizer. CIB-MoE instantiates a182

“weak-causal” alternative by leveraging realizable183

neutral/random image replacements, discrepancy-184

aware experts, and an information-bottlenecked185

gate to calibrate routing without specifying a full186

structural causal model.187

3 Methodology188

We propose CIB-MoE (Counterfactual189

Inconsistency-Bottleneck Mixture-of-Experts),190

a unified framework for robust multimodal191

aspect-based sentiment analysis (MABSA) and192

multimodal sarcasm detection (MMSD). CIB-MoE193

treats multimodal understanding as discrepancy-194

aware inference: instead of indiscriminately195

fusing modalities, it quantifies multiple types of196

cross-modal differences with lightweight experts,197

then routes these discrepancy signals through a198

two-level bottlenecked gate. The routing behavior199

is calibrated via counterfactual image interventions200

so that the model relies on task-relevant cross-201

modal evidence rather than spurious shortcuts. An202

overview of the CIB-MoE framework and its key203

components is shown in Figure 2.204

3.1 Problem Formulation and Backbone205

Encoder206

Each instance consists of a text sequence x =207

(x1, . . . , xT ), an image v, and (for MABSA) a208

queried aspect a. The label y satisfies y ∈ Ysent209

for MABSA and y ∈ Ysar = {non-sar, sar} for210

MMSD. We denote the task posterior by pθ(y |211

x,v, a) for MABSA and pθ(y | x,v) for MMSD.212

Backbone representations. We encode text with 213

RoBERTa(Liu et al., 2019) and image with a Vision 214

Transformer (ViT)(Dosovitskiy et al., 2021): 215

Ht = BERT(x) ∈ RT×d, (1) 216

Hv = ViT(v) ∈ RM×d, (2) 217

where M is the number of visual patch tokens. We 218

fuse modalities using a multimodal Transformer 219

with cross-attention: 220

Hm = MMT(Ht,Hv) ∈ RL×d. (3) 221

We take the [CLS] token of Hm as the pooled mul- 222

timodal representation h ∈ Rd. For MABSA, we 223

produce an aspect-aware pooled representation ha 224

via target marking or aspect-conditioned pooling. 225

A task-specific classifier is 226

pθ(y | x,v, a) = softmax
(
Wyha + by

)
, (4) 227

and for MMSD we use the same form with h in 228

place of ha. CIB-MoE augments ha (or h) with 229

discrepancy-aware expert evidence before predic- 230

tion. 231

3.2 Difference Experts 232

We instantiate K = 4 difference experts {Ek}Kk=1. 233

Each expert first computes a scalar discrepancy 234

statistic and then maps it to an expert feature 235

ek ∈ Rde through a lightweight MLP. The resulting 236

expert features are later routed by a sparse gate. 237

(1) Semantic Inconsistency Expert Esem. We 238

use CLIP to measure global semantic alignment 239

between the text and image. Let zt and zv denote 240

the CLIP text and image embeddings. We define 241

ssem = 1− cos(zt, zv), (5) 242

and map it to 243

esem = Esem(ssem) ∈ Rde . (6) 244

(2) Unimodal Predictive Discrepancy Expert 245

Esent. We attach a text-only head Ct(RoBERTa) 246

on top of Ht and an image-only head Cv(ViT) on 247

top of Hv. Both heads predict distributions over 248

the current task label space. Denote their outputs 249

by pt and pv. We use symmetric KL divergence: 250

ssent = KL(pt∥pv) + KL(pv∥pt), (7) 251

and obtain 252

esent = Esent(ssent) ∈ Rde . (8) 253
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Figure 2: CIB-MoE framework. RoBERTa/ViT encode x,v and an MMT yields h. CIB-MoE routes four
discrepancy cues (CLIP mismatch, unimodal divergence, Top-20 entity overlap, image-induced shift) through a
two-level sparse gate, with neutral/random image interventions for calibration.

(3) Entity Alignment Expert Eent. We extract254

a set of textual entities/aspects Et from x and a255

set of visual entities Ev from v. We compute an256

overlap-based mismatch score:257

sent = 1− overlap(Et, Ev), (9)258

and map it to259

eent = Eent(sent) ∈ Rde . (10)260

(4) Image-Reliance (Shortcut) Expert Ecau. To261

quantify reliance on visual evidence, we compare262

a text-only classifier Ctext (RoBERTa) with a mul-263

timodal classifier Cmulti based on h (or ha for264

MABSA). Let their outputs be ptext and pmulti,265

respectively. We define266

scau = KL(pmulti∥ptext), (11)267

and map it to268

ecau = Ecau(scau) ∈ Rde . (12)269

We stack expert features row-wise as270

F = [esem; esent; eent; ecau] ∈ RK×de . (13)271

3.3 Two-Level Inconsistency-Bottleneck272

Gating273

Not all instances require discrepancy reasoning.274

We therefore employ a two-level gate: a conflict275

gate detects whether discrepancy is informative,276

and an expert gate sparsely selects relevant experts277

under a bottleneck constraint.278

Level-1: Conflict Gate. Let pool(F) = 279
1
K

∑K
k=1 ek be mean pooling over experts. We 280

compute a conflict embedding 281

zc = ϕc([h; pool(F)]) ∈ Rdc , (14) 282

and obtain a scalar conflict score 283

α = σ(w⊤
c zc + bc) ∈ (0, 1). (15) 284

Level-2: Sparse Expert Gate. Conditioned on 285

(h, zc), the expert gate produces routing logits and 286

a sparse mixture: 287

g = ϕe([h; zc]) ∈ RK , (16) 288

w = Top-k-softmax(g) ∈ ∆K−1, (17) 289

where Top-k-softmax keeps the top-k entries of 290

g, sets the rest to −∞, and applies softmax. The 291

routed expert summary is 292

m =
K∑
k=1

wkek ∈ Rde . (18) 293

Prediction Head. We augment the backbone rep- 294

resentation with routed discrepancy evidence: 295

h̃ = [h;m], (19) 296

and predict 297

pθ(y | x,v) = softmax
(
W ′

yh̃+ b′
y

)
. (20) 298

For MABSA, we replace h with ha in the above 299

equations. 300
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Information Bottleneck Regularization. To dis-301

courage dataset-specific routing shortcuts, we regu-302

larize the routing distribution:303

LIB = λent E[H(w)]+λbal

K∑
k=1

( 1

B

B∑
i=1

w
(i)
k − 1

K

)2
,

(21)304

where minimizing entropy promotes sparse per-305

instance routing and the balancing term prevents306

expert collapse.307

3.4 Counterfactual Difference Supervision308

We calibrate the gate with counterfactual image309

interventions to distinguish meaningful conflicts310

from incidental mismatches.311

Counterfactual Construction. For each sample312

(x,v), we construct a semantically aligned neutral-313

image counterfactual (x,vneu) by retrieval with314

high CLIP similarity, and a random-image counter-315

factual (x,vrnd) by replacing v with an unrelated316

image.317

Conflict-Gate Ranking. We impose margin-318

based ranking constraints:319

Lcf_gate = E
[
max(0, αneu − αorig + δ)

]
320

+ E
[
max(0, αrnd − αorig + δ′)

]
.

(22)
321

Prediction Consistency. For random-image322

counterfactuals, the multimodal prediction should323

revert toward the text-only prediction:324

Lcf_pred = E
[
KL

(
prnd
multi∥ptext

)]
. (23)325

For sarcasm detection, removing the conflict should326

reduce sarcasm confidence:327

Lcf_sar = E
[
max

(
0, pθ(sar | x,vneu)

− pθ(sar | x,v) + γ
)]
.

(24)328

3.5 Multi-Task Training Objective329

We jointly train on MABSA and MMSD with a330

shared backbone and a shared CIB-MoE module.331

Let Lsent
sup and Lsar

sup be cross-entropy losses for as-332

pect sentiment and sarcasm prediction. The full333

objective is334

L = Lsent
sup + Lsar

sup + λIBLIB + λcf_gateLcf_gate

+ λcf_predLcf_pred + λcf_sarLcf_sar.
(25)335

Where λ· are hyperparameters. This counterfac- 336

tually calibrated training encourages sparse, task- 337

relevant routing over discrepancy experts and im- 338

proves robustness under spurious correlations and 339

modality imbalance. 340

4 Experiments 341

In this section, we first describe the tasks and 342

datasets (Sec. 4.1), baselines (Sec. 4.2) and im- 343

plementation details (Sec. 4.3). We then present 344

our main in-domain results (Sec. 4.4), followed 345

by a series of robustness and generalization analy- 346

ses (Sec. 4.5), ablation studies (Sec. 4.6), and case 347

studies (Sec. 4.7). 348

4.1 Tasks and Datasets 349

We evaluate CIB-MoE on two fine-grained mul- 350

timodal benchmarks that require modeling cross- 351

modal incongruity but differ in label spaces and 352

dataset biases: MABSA and MMSD. 353

MABSA. We utilize Twitter-2015/2017, which 354

provide image–tweet pairs with aspect terms and 355

aspect-level sentiment labels. Following standard 356

practice, we split multi-aspect posts into aspect 357

instances and perform three-way classification over 358

{POS, NEU, NEG}; statistics are in Table 1. 359

MMSD. We utilize MMSD and MMSD2.0 (Qin 360

et al., 2023) for binary sarcasm detection over 361

{SAR, NON-SAR} (Table 2). MMSD2.0 reduces 362

lexical shortcuts, and we additionally test cross- 363

dataset shift by training on MMSD and evaluating 364

on MMSD2.0. 365

Table 1: Statistics of Twitter2015 & Twitter2017
datasets.

Twitter2015 Twitter2017

Split POS NEU NEG POS NEU NEG

Train 928 1883 368 1508 1638 416
Dev 303 670 149 515 517 144
Test 317 607 113 493 573 168

Total 1548 3160 630 2516 2728 728

Table 2: Data composition of MMSD and MMSD2.0.

MMSD MMSD2.0

Non-Sar Sar Total Non-Sar Sar Total

Train 8,642 11,174 19,816 9,572 10,240 19,816
Validation 959 1,451 2,410 1,042 1,368 2,410
Test 959 1,450 2,409 1,037 1,372 2,409
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4.2 Baselines366

We benchmark CIB-MoE against baselines that367

progressively increase modeling capacity from uni-368

modal prediction to structure-aware incongruity369

modeling and debiasing, covering both MABSA370

and MMSD.371

Unimodal baselines. We include Text-only372

(BERT) and Image-only (ViT) as lower bounds373

to quantify the standalone contribution of each374

modality. Traditional multimodal fusion. We375

benchmark representative early/late fusion vari-376

ants and dataset-proposed models such as HFM377

and D&R Net, which mainly rely on global cross-378

modal interaction without explicit discrepancy de-379

composition. Task-specific multimodal SOTA.380

For MABSA (Twitter-2015/2017), we compare381

against recent strong systems including ITOAOF,382

AMIFN, AESAL, DEQA, DPCI, and CORSA (Ta-383

ble 3). For MMSD (MMSD/MMSD2.0), we in-384

clude graph-based and incongruity-aware models385

(e.g., CMGCN, InCrossMGs), CLIP- and routing-386

based methods, and retrieval/MLLM-style clas-387

sifiers (e.g., Multi-view CLIP, MILNet, FSICN,388

VIDR-MLLM, MICL, SCI-GDFN; Table 4). Debi-389

asing/causal baselines. We further consider debi-390

asing methods that target spurious correlations via391

counterfactual augmentation or inference-time bias392

subtraction (e.g., DMSD, TFCD; Table 4).393

4.3 Implementation Details394

We adopt RoBERTa-base and ViT-B/32 as back-395

bone encoders. Each discrepancy expert is a396

two-layer MLP (de=128), producing E ∈ R4×de .397

Routing is performed by a two-level gate with a398

conflict embedding (dc=128) and Top-2 sparse399

selection, regularized by an information bottle-400

neck (λent=0.01, λbal=0.1, λIB=0.5); counter-401

factual losses share a fixed weight of 0.1. Se-402

mantic discrepancy uses CLIP ViT-B/32 embed-403

dings, and entity alignment is computed over the404

Top-20 predicted object labels. Training uses405

AdamW (lr 2×10−5, batch size 16 and train-406

ing for 50 epochs, 10% warmup) with inter-407

leaved MABSA/MMSD mini-batches; neutral and408

random-image interventions are constructed on-the-409

fly via CLIP retrieval and uniform sampling. We410

report Acc/Macro-F1 for MABSA and Acc/P/R/F1411

for MMSD/MMSD2.0, averaged over five seeds,412

with paired t-tests against the strongest baseline413

when applicable (p<0.05). Experiments are con-414

ducted on a PyTorch framework using a single RTX415

Table 3: Experimental results on Twitter-2015 and
Twitter-2017 for MABSA.

Method Twitter2015 Twitter2017
Acc. Mac-F1 Acc. Mac-F1

BERT(Yu and Jiang, 2019) 74.15 68.86 68.15 65.23
ViLBERT (Yu et al., 2022) 73.76 69.85 67.42 64.87
TomBERT (Yu and Jiang, 2019) 77.15 71.75 70.34 68.03
ESAFN (Yu et al., 2019) 73.38 67.37 67.83 64.22
EF-CapTrBERT-DE (Khan and Fu, 2021) 77.92 73.9 72.3 70.2
FITE-DE-Large (Yang et al., 2022) 78.76 74.79 73.87 73.03
ITOAOF (Wang et al., 2023) 79.45 75.11 74.47 73.05
AMIFN (Yang et al., 2024b) 78.69 75.50 72.29 70.21
AESAL (Zhu et al., 2024a) 80.1 75.2 78.8 75.9
DEQA (Han et al., 2025) 82.1 77.6 75.8 75.1
DPCI (Liu et al., 2025a) 80.42 76.39 75.20 74.73
CORSA (Liu et al., 2025b) 81.1 77.7 76.6 74.5

CIB-MoE 82.34 78.29 78.96 76.05

A6000 GPU with 48GB of memory. 416

4.4 Main Results 417

Table 3 reports MABSA performance on Twitter- 418

2015/2017, and Table 4 summarizes results on 419

MMSD and MMSD2.0. Overall, CIB-MoE 420

achieves consistent improvements over strong task- 421

specific baselines, suggesting that explicitly mod- 422

eling and calibrating cross-modal discrepancies is 423

beneficial across both sentiment and sarcasm set- 424

tings. 425

Results on MABSA. Table 3 shows that CIB- 426

MoE establishes new best results on both Twitter 427

benchmarks. On Twitter-2015, it achieves 82.34 428

Acc / 78.29 Macro-F1, exceeding CORSA by +1.24 429

Acc and +0.59 Macro-F1. On Twitter-2017, it 430

reaches 78.96 Acc / 76.05 Macro-F1, improving 431

over CORSA by +2.36 Acc and +1.55 Macro-F1. 432

The larger gains on Twitter-2017 are consistent 433

with the setting where images are more weakly 434

related and discrepancy-aware routing is more crit- 435

ical. 436

Results on MMSD and MMSD2.0. As reported 437

in Table 4, CIB-MoE achieves 94.14 F1 on MMSD, 438

outperforming strong recent baselines such as 439

MICL (+3.81 F1) and SCI-GDFN (+0.34 F1). On 440

the debiased MMSD2.0 benchmark, it attains 89.68 441

F1 / 91.33 Acc, surpassing robustness-oriented 442

methods including TFCD and VIDR-MLLM. Over- 443

all, the consistent improvements across in-domain 444

and debiased settings indicate that calibrated dis- 445

crepancy modeling benefits both aspect-level senti- 446

ment prediction and sarcasm detection. 447

4.5 Robustness and Generalization Analysis 448

We assess whether CIB-MoE generalizes beyond 449

benchmark-specific shortcuts using cross-dataset 450
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Table 4: Performance Comparison on MMSD and MMSD2.0

Method MMSD MMSD2.0

Acc (%) Pre (%) Rec (%) F1 (%) Acc (%) Pre (%) Rec (%) F1 (%)

Unimodal Baselines
Text-Only (BERT) 83.85 81.24 79.15 80.22 74.78 75.12 71.58 73.34
Image-Only (ViT) 67.83 65.92 61.12 63.43 72.02 71.48 68.05 69.72

Traditional Multimodal
HFM (Cai et al., 2019) 83.44 76.57 84.15 80.18 70.57 64.84 69.05 66.88
D&R Net (Xu et al., 2020) 84.02 77.97 83.42 80.60 - - - -

Graph-Based
CMGCN (Liang et al., 2022) 87.55 83.63 84.69 84.16 79.83 78.45 75.42 76.90
InCrossMGs (Liang et al., 2021) 86.10 81.38 84.36 82.84 - - - -

Recent SOTA
Multi-view CLIP (Qin et al., 2023) 88.33 82.66 88.65 85.55 85.64 80.33 88.24 84.10
HKE (Liu et al., 2022) 87.36 82.97 86.48 84.89 - - - -
MILNet (Qiao et al., 2023) 89.50 88.24 85.99 87.11 - - - -
FSICN (Lu et al., 2024) 90.55 90.12 89.32 89.72 - - - -
DIP (Wen et al., 2023) 89.59 87.76 86.58 87.17 - - - -
DMSD (Jia et al., 2024) 88.95 84.89 87.90 86.37 - - - -
G2SAM (Wei et al., 2024) 90.48 87.95 89.02 88.48 - - - -
VIDR-MLLM (Tang et al., 2024) 89.97 89.26 89.58 89.42 86.43 87.00 86.30 86.34
TFCD (Zhu et al., 2024b) 89.57 84.83 89.43 88.13 86.54 82.46 87.95 84.31
MICL (Guo et al., 2025) 92.08 90.05 90.61 90.33 - - - -
AMSK (Dong et al., 2026) 89.84 87.51 87.60 87.56 86.39 79.74 89.37 84.28
SCI-GDFN (Xi et al., 2025) 94.06 93.50 94.17 93.80 - - - -

CIB-MoE 94.82 93.98 94.31 94.14 91.33 90.65 88.74 89.68

Table 5: Cross-dataset generalization performance.

Method (MMSD / MABSA) MMSD → MMSD2.0 Tw15 → Tw17 Tw17 → Tw15
(∆F1) (∆F1) (∆F1)

Text-only (BERT) 73.34 (−6.88) 66.45 (−2.41) 68.90 (+3.67)
HFM / TomBERT 66.88 (−13.30) 64.12 (−7.63) 67.55 (−4.20)
Multi-view CLIP / AESAL 84.10 (−1.45) 71.80 (−3.40) 74.20 (−1.00)
TFCD / CORSA 84.31 (−3.82) 73.15 (−4.55) 76.85 (+0.25)

CIB-MoE (ours) 89.68 (−4.46) 74.92 (−3.37) 79.15 (+3.10)

transfer (Table 5) and counterfactual robustness451

tests (Table 6).452

Cross-dataset generalization. As reported in453

Table 5, CIB-MoE yields strong target-domain454

performance under distribution shift. On455

MMSD→MMSD2.0, it reaches 89.68 F1 with a456

4.46-point drop, outperforming unimodal BERT457

(73.34, −6.88) and the fusion baseline HFM458

(66.88, −13.30). While Multi-view CLIP exhibits459

a smaller drop (84.10, −1.45), its MMSD2.0 F1460

remains notably lower than CIB-MoE; TFCD also461

lags on MMSD2.0 (84.31 vs. 89.68). CIB-MoE462

further shows stable transfer on Twitter-2015/2017463

(Tw15→Tw17: 74.92, −3.37; Tw17→Tw15:464

79.15, +3.10).465

Counterfactual robustness. Table 6 confirms466

that CIB-MoE is both noise-invariant and conflict-467

sensitive: it achieves 0.96 random-image consis-468

tency and 0.64 neutral-image monotonicity, the469

best among the compared methods. This behav-470

ior is consistent with counterfactually calibrated471

routing that suppresses non-informative visual cues472

while reacting to conflict removal.473

Table 6: Counterfactual robustness analysis on
MMSD2.0.

Method Random-image Neutral-image
Consistency ↑ Monotonicity ↑

Text-only (BERT) 1.00 0.00
Multi-view CLIP 0.76 0.22
VIDR-MLLM 0.82 0.31
TFCD 0.88 0.45
SCI-GDFN 0.85 0.38

CIB-MoE (ours) 0.96 0.64

4.6 Ablation Studies 474

Table 7 shows that difference experts are essen- 475

tial: removing them causes the largest degradation 476

(Tw17: −2.20; MMSD2.0: −4.26). Counterfac- 477

tual training is the primary driver of calibrated rout- 478

ing (w/o CF losses: 74.95/87.25), while the conflict 479

gate and IB regularizer provide smaller but consis- 480

tent gains. Single-expert settings underperform 481

the full model; the entity expert is most effective 482

on Tw17 (75.15), whereas sentiment and causal 483

experts are strongest on MMSD2.0 (88.10/88.50). 484

We observe three consistent trends (Table 7): (i) 485

removing all difference experts brings performance 486

close to or slightly above the best generic MoE 487

baseline, confirming that the gains of CIB-MoE 488

come primarily from structured difference mod- 489

eling; (ii) the conflict gate and IB regularization 490

both contribute positively, with the largest degrada- 491

tion observed when all counterfactual losses are re- 492

moved, indicating that intervention-based supervi- 493

sion is crucial for robust gating; (iii) among single- 494
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RT @ SportsCenter : BREAKING : One .
More . Win . [Kentucky Derby]Neu
winner [American Pharoah]Pos crosses
finish line first in [Preakness
Stakes]Neu .

Found this board game at the
[Chelsea Flea Market]Neu .
Oh how the times have
changed for [Bruce]Pos . . . .

Image

Text

Kentucky Derby : Positive (×)
American Pharoah : Positive (√)
Preakness Stakes : Neutral (√)

CIB-MoE

ITOAOF\DIP Chelsea Flea Market : Positive (×)
Bruce : Positive (√)

CORSA\MICL Non-Sarcasm

lucky me ! two city cat journeys 
in one day

Non-Sarcasm

Sarcasm

Chelsea Flea Market : Neutral (√)
Bruce : Neutral (×)

Chelsea Flea Market : Neutral (√)
Bruce : Positive (√)

Kentucky Derby : Neutral (√)
American Pharoah : Positive (√)
Preakness Stakes : Positive (×)

Kentucky Derby : Neutral (√)
American Pharoah : Positive (√)
Preakness Stakes : Neutral (√)

Figure 3: A comparison of our model with baseline models on three samples from the MMSD dataset.

Table 7: Ablation study on Twitter-2017 and MMSD2.0.
We report Macro-F1 for Twitter-2017 and F1 for
MMSD2.0. The full model yields the best performance,
validating the synergy of all components.

Variant Tw17 Mac-F1 MMSD2.0 F1

Full CIB-MoE 76.05 89.68

w/o Diff-Experts 73.85 85.42
w/o Conflict Gate 75.42 88.95
w/o IB 75.78 89.15
w/o CF losses 74.95 87.25

Single Expert Analysis
Only Esem (Semantic) 74.60 87.51
Only Esent (Sentiment) 74.45 88.16
Only Eent (Entity) 75.15 86.88
Only Ecau (Causal) 74.88 88.57

expert variants, the causal and sentiment inconsis-495

tency experts are most impactful on MMSD2.0,496

while entity alignment plays a more important role497

for aspect-level sentiment in Twitter-2015/2017,498

aligning with our intuitive understanding of the499

tasks.500

4.7 Case Studies501

Figure 3 summarizes three instances where502

discrepancy-aware routing yields clearer aspect-503

and intent-level decisions.504

MABSA: mitigating sentiment leakage. In the505

horse-racing example, ITOAOF/DIP predicts POS506

for Kentucky Derby and CORSA predicts POS for507

Preakness Stakes, although both are NEU. CIB-508

MoE correctly classifies all three entities, indicat-509

ing reduced sentiment spillover from the winner-510

related cue to co-mentioned event mentions. 511

MABSA: target-specific grounding under 512

weak visual relevance. In the second post, 513

ITOAOF/DIP assigns POS to the neutral location 514

(Chelsea Flea Market) and CORSA misses the 515

POS label for Bruce. CIB-MoE separates the 516

neutral context entity from the opinion target, 517

supporting aspect-conditioned prediction under 518

weak image–text coupling. 519

MMSD: beyond literal polarity. For the sar- 520

casm case (“lucky me! two city cat journeys in one 521

day”), baselines output NON-SAR while CIB-MoE 522

predicts SAR, suggesting that discrepancy-aware 523

routing can attenuate locally positive wording when 524

it conflicts with post-level context. 525

5 Conclusion 526

We propose CIB-MoE for robust MABSA 527

and MMSD, casting multimodal prediction as 528

discrepancy-aware routing with typed experts and 529

a two-level information-bottlenecked gate. We 530

further calibrate routing using neutral/random 531

image interventions as counterfactual supervi- 532

sion. Experiments on Twitter-2015/2017 and 533

MMSD/MMSD2.0 show consistent gains in ac- 534

curacy and robustness, and case studies confirm 535

reduced sentiment leakage across co-mentioned 536

entities and improved handling of subtle sarcasm 537

beyond literal polarity. 538
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Limitations539

CIB-MoE relies on several practical components540

whose quality bounds overall performance. First,541

the entity-alignment signal depends on the accuracy542

and calibration of the image-side label predictions543

(Top-N object labels) and text-side entity/aspect544

extraction; errors in either stage may weaken or545

misdirect routing. Second, the neutral-image in-546

tervention uses CLIP-based retrieval, which may547

return images that are only superficially aligned548

with the text, introducing imperfect counterfactuals549

and limiting the strength of supervision. Third, our550

discrepancy experts are intentionally lightweight551

and capture a predefined set of difference types; al-552

though this improves interpretability and stability,553

it may miss rarer forms of incongruity (e.g., fine-554

grained pragmatics or culture-specific sarcasm) that555

require richer world knowledge. Finally, while556

the two-level gate adds modest overhead, the ad-557

ditional experts and counterfactual sampling in-558

crease training-time computation, and the current559

implementation evaluates robustness on established560

Twitter-style benchmarks; broader validation on561

other domains (e-commerce reviews, multilingual562

settings, or video-based sarcasm) remains for fu-563

ture work.564
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