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Abstract001

Current approaches for Multimodal Sentiment002
Analysis (MSA) primarily leverage the knowl-003
edge and reasoning capabilities of parameter-004
heavy (Multimodal) LLMs for classification,005
overlooking autonomous multimodal sentiment006
reasoning generation in resource-constrained007
environments. In this paper, we focus on008
the Resource-Limited Joint Multimodal Sen-009
timent Reasoning and Classification task, JM-010
SRC, which simultaneously performs mul-011
timodal sentiment reasoning chain genera-012
tion and sentiment classification only with013
a lightweight model. We propose a Multi-014
modal Chain-of-Thought Reasoning Distilla-015
tion model, MulCoT-RD, designed for JMSRC016
that employs a "Teacher-Assistant-Student" dis-017
tillation paradigm to address deployment con-018
straints in resource-limited environments. We019
first leverage a high-performance Multimodal020
Large Language Model (MLLM) to generate021
the initial reasoning dataset and train a medium-022
sized assistant model with a multi-task learning023
mechanism. A lightweight student model is024
jointly trained to perform efficient multimodal025
sentiment reasoning generation and classifica-026
tion. Extensive experiments on four datasets027
demonstrate that MulCoT-RD1 with only 3B028
parameters and achieves strong performance on029
JMSRC, while exhibiting robust generalization030
and enhanced interpretability.031

1 Introduction032

With the proliferation of social media and mul-033

timedia content, Multimodal Sentiment Analysis034

(MSA) has emerged as a critical research area at-035

tracting significant academic and industry attention036

Yang et al. (2024); Amiriparian et al. (2024). MSA037

of text-image pairs can be categorized into coarse-038

grained and fine-grained approaches based on sen-039

timent targets. Coarse-grained MSA (Yang et al.,040

1The code and demo are available via https://
anonymous.4open.science/r/MulCoT-RD/.

Figure 1: Leveraging reasoning (blue dashed line) vs.
Generating reasoning chain (yellow dashed line).

2021; Zhang et al., 2023) identifies the overall sen- 041

timent of text-image pairs, while fine-grained MSA, 042

or Multimodal Aspect-Based Sentiment Classifica- 043

tion (MASC) (Zhou et al., 2023; Wang et al., 2024; 044

Yang et al., 2025b), analyzes sentiment toward spe- 045

cific aspect terms within textual content. 046

Most existing methods enhance MSA through 047

multimodal representation learning (Zhang et al., 048

2022; Manzoor et al., 2023) and fusion (Huang 049

et al., 2020; Zhang et al., 2023), employing sepa- 050

rate encoders to extract unimodal representations, 051

then integrating them using fusion strategies such 052

as gating mechanisms (Kumar and Vepa, 2020), 053

cross-modal attention (Ju et al., 2021), and graph 054

neural networks (Yang et al., 2021). While these 055

approaches advance MSA performance, they face 056

a fundamental limitation: inability to model intra- 057

modal and cross-modal sentiment reasoning pro- 058

cesses that explain why users experience partic- 059

ular sentiments. These models typically operate 060

as "black boxes" for sentiment classification, ob- 061

scuring the specific contributions of each modality 062

and interaction mechanisms in sentiment decisions 063

1

https://anonymous.4open.science/r/MulCoT-RD/
https://anonymous.4open.science/r/MulCoT-RD/


due to their lack of explicit modeling of sentiment064

presentation and reasoning chain across modalities.065

Building upon LLMs, Multimodal Large Lan-066

guage Models (MLLMs) (Hurst et al., 2024; Wu067

et al., 2024; Bai et al., 2025) demonstrate re-068

markable performance across diverse multimodal069

tasks, including recommendation systems (Ye et al.,070

2025), sentiment analysis (Wang et al., 2024), and071

mental health assessment (Zhang et al., 2024). As072

shown in Figure 1 (blue box), current methods073

leverage high-performing MLLMs, like GPT-4o,074

to inject world knowledge or Chain-of-Thought075

(CoT) (Wei et al., 2022) reasoning into pre-trained076

language models for MSA improvement (Wang077

et al., 2024; Li et al., 2025a), yet fail to trans-078

fer superior reasoning capabilities. Existing re-079

search (Li et al., 2025b) shows that lightweight080

MLLMs (≤3B parameters) exhibit limited CoT081

reasoning capabilities, necessitating reliance on082

models with superior reasoning abilities. How-083

ever, closed-source models incur substantial costs,084

while large-scale MLLMs require extensive compu-085

tational resources, limiting deployment in resource-086

constrained environments. Developing lightweight087

MLLMs (e.g., 3B parameters) that autonomously088

generate high-quality multimodal sentiment rea-089

soning while maintaining high MSA performance090

represents a major challenge, as highlighted in the091

yellow box of Figure 1.092

To address these challenges, we focus on the093

Resource-Limited Joint Multimodal Sentiment094

Reasoning and Classification (JMSRC) task,095

which simultaneously performs multimodal senti-096

ment reasoning generation and classification using097

only a lightweight MLLM. We introduce the Mul-098

timodal Chain-of-Thought Enhancement with099

Reasoning Distillation (MulCoT-RD) framework100

for JMSRC, illustrated in Figure 2, while leverag-101

ing Reasoning Distillation (RD) with the Teacher-102

Assistant-Student pattern to enable lightweight103

MLLMs to autonomously generate high-quality104

sentiment reasoning (for the second challenge).105

The MulCoT-RD comprises two core modules. (1)106

Multimodal CoT Enhancement Module: We de-107

sign a two-stage module using structured prompt108

templates with task decomposition, reasoning guid-109

ance, conflict mediation steps, and adaptive retry110

control. It guides the high-performance closed-111

source or large-scale open-source MLLM as a112

teacher model to generate logically coherent multi-113

modal sentiment reasoning. (2) Multimodal Senti-114

ment Reasoning Distillation Module: Consider-115

ing teacher model limitations in providing soft la- 116

bels and intermediate representations, data scarcity, 117

and inference costs, we introduce a medium-sized 118

open-source MLLM as an assistant model, and use 119

it to synthesize high-quality data. Through multi- 120

task learning, the assistant model jointly enhances 121

sentiment label prediction accuracy and reason- 122

ing quality. For efficient deployment in resource- 123

constrained environments, we employ joint opti- 124

mization combining hard labels with soft labels 125

from the assistant model to transfer reasoning capa- 126

bilities to a lightweight student MLLM, achieving 127

optimal balance among classification performance, 128

interpretability, and deployment efficiency. Our 129

contributions are summarized as follows: 130

• We focus on joint multimodal sentiment 131

reasoning and classification in resource- 132

constrained scenarios and construct a high- 133

quality sentiment reasoning dataset. 134

• We propose the Multimodal Chain-of- 135

Thought Enhancement with Reasoning 136

Distillation, MulCoT-RD, framework for 137

JMSRC. Multi-task learning and joint opti- 138

mization improve the sentiment classification 139

and reasoning capabilities of the model. 140

• Comprehensive experiments across multi- 141

ple MSA datasets demonstrate that our 142

lightweight 3B-parameter MLLM achieves 143

superior sentiment classification performance 144

while maintaining high interpretability. 145

2 Related Work 146

2.1 Multimodal Sentiment Analysis 147

The MSA development can be broadly divided into 148

two stages: the era of pre-trained language mod- 149

els (PLMs) and the era of large language models 150

(LLMs). During the PLMs era, MSA methods typ- 151

ically utilize a dedicated encoder for each modal- 152

ity to extract representations, with a primary fo- 153

cus on multimodal fusion and cross-modal align- 154

ment. (Zhang et al., 2023; Xiao et al., 2023; Zhou 155

et al., 2023). The emergence of LLMs has opened 156

new possibilities for MSA. However, existing meth- 157

ods typically rely on MLLMs to generate valuable 158

knowledge (Wang et al., 2024) or reasoning (Pang 159

et al., 2024; Li et al., 2025a), which is then injected 160

into pre-trained language models to improve MSA, 161

rather than enabling autonomous sentiment reason- 162

ing. This results in limited interpretability. To 163

our knowledge, Emotion-LLaMA is the first LLM- 164

based model for multimodal emotion recognition 165
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Figure 2: MulCoT-KD comprises two core modules, i.e., (1) Multimodal CoT Enhancement Module, (2) Reasoning
Distillation Module (Assistant Model with Multi-Task Learning, Student Model with Joint Learning).

and explanation, but requires modality-specific rep-166

resentation learning, pre-training, and instruction167

tuning (Cheng et al., 2024). Models with superior168

reasoning capabilities are often computationally169

expensive or have large parameter counts that com-170

plicate deployment. We focus on using lightweight171

MLLM to simultaneously achieve efficient and au-172

tonomous generation of high-quality multimodal173

sentiment reasoning and classification.174

2.2 Reasoning Distillation175

Knowledge Distillation (KD) (Hinton et al., 2015)176

has proven effective for compressing language177

models by transferring predictive behaviors, such178

as soft labels or hidden representations, from larger179

teacher models to smaller student models. Current180

KD techniques for PLMs focus on distilling soft181

labels (Sanh et al., 2019; Gu et al., 2023) or repre-182

sentations (Wang et al., 2020b,a; Kim et al., 2022),183

but require access to the teacher model’s internal184

parameters. This dependency creates significant185

challenges when applying KD to closed-source186

LLMs. Reasoning distillation offers an alterna-187

tive approach, enabling smaller student models to188

acquire reasoning capabilities by fine-tuning on189

reasoning processes from a teacher model instead190

of relying on soft labels (Magister et al., 2022; Li191

et al., 2023; Lee et al., 2024; Chenglin et al., 2024).192

In our work, we leverage an intermediate-sized193

model with multi-task learning as an assistant to194

both supplement soft-label distillation signals from195

the teacher model and generate higher-quality data196

to address reasoning data scarcity. 197

3 Method 198

To achieve an effective integration of task perfor- 199

mance, interpretability, and deployment efficiency, 200

we introduce the Multimodal Chain-of-Thought En- 201

hancement with Reasoning Distillation (MulCoT- 202

RD) framework for JMSRC, as shown in Figure 203

2, comprising the Multimodal CoT Enhancement 204

Module and the Reasoning Distillation Module. 205

3.1 Task Definition 206

Given a dataset D = {(xi, Li)}Ni=1 containing N 207

samples, each sample xi consists of text Ti, image 208

Ii, aspect term [Ai] (provided only in fine-grained 209

MSA), and sentiment label Li. The JMSRC task is 210

formulated as follows: 211

M (Ti, Ii, [Ai]) ⇒ (Ri, ŷi) , (1) 212

where Ri denotes the corresponding sentiment rea- 213

soning, and ŷi denotes the predicted sentiment label 214

by MLLM M. 215

3.2 Multimodal CoT Enhancement 216

We propose a two-stage multimodal CoT enhance- 217

ment module to synthesize high-quality sentiment 218

reasoning data. The corresponding prompts are 219

illustrated in Figure 5 provided in Appendix F. In 220

the first stage, we perform reasoning path genera- 221

tion in a label-free setting using a high-performance 222

MLLM as the teacher model Mt. We employ a 223

structured CoT prompt template Tpre for predic- 224

tion, comprising the basic template Tb (including 225

3



Task Description, Sentiment Definition, and Rea-226

soning Format) and the specific prediction prompt227

Ppre. This template guides the model through text228

analysis, image analysis, conflict resolution, and229

conclusion generation, ensuring logically coherent230

and interpretable reasoning.231

ct1i , ŷ
t
i = Mt (xi; Tpre) , (2)232

where ct1i represents the CoT reasoning process233

generated in the first stage, and ŷti indicates the234

predicted sentiment label for the i-th sample.235

For correctly predicted samples, the generated236

reasoning paths are directly retained for subsequent237

training, thereby constructing the first-stage train-238

ing set, Dt1
rea.239

Dt1
rea =

{(
xi, c

t1
i , ŷ

t
i

)
| ŷti = Li

}Nt1

i=1
. (3)240

Misclassified samples often reflect complex241

cases with ambiguous boundaries or cross-modal242

conflicts, or semantic ambiguity. Guiding the243

model to learn causally consistent reasoning on244

these challenging examples can enhance its un-245

derstanding and robustness in complex scenarios.246

Therefore, we design a second stage where, for247

samples with incorrect predictions, the ground truth248

label, Li, is introduced and an explain template,249

Texp, is constructed to guide the model in gener-250

ating a supervised reasoning process, ct2i , condi-251

tioned on the correct label.252 {
ct2i , ŷ

t
i = Mt (xi, Li; Texp)

Dt2
rea =

{(
xi, c

t2
i , Li

)}Nt2

i=1
,

(4)253

where N = Nt1 + Nt2; Texp is constructed by254

the basic template, Tb, and the specific reasoning255

prompt, Pexp, as shown in Figure 5 provided in256

Appendix F.257

The two-stage datasets are merged to obtain the258

reasoning dataset Dt
rea = Dt1

rea ∪ Dt2
rea. To im-259

prove sentiment reasoning and label prediction reli-260

ability, we introduce an adaptive replay controller,261

ARC, that automatically regenerates outputs when262

MLLMs produce incomplete structures or invalid263

labels until a valid result is obtained or the retry264

limit is reached, ensuring generation quality while265

controlling computational overhead. The details of266

ARC are provided in Appendix E.267

3.3 Multimodal Sentiment Reasoning268

Distillation269

Closed-source teacher models limit knowledge ex-270

traction due to restricted intermediate representa-271

tions, while open-source models with strong rea-272

soning often require large parameters (Li et al.,273

2025b), hindering efficient deployment. To address 274

multimodal sentiment reasoning data scarcity and 275

the absence of soft labels, we introduce reasoning 276

distillation (Lee et al., 2024) to train an assistant 277

model with multi-task learning, as illustrated in 278

the middle right of Figure 2, enhancing data di- 279

versity. A student model with joint learning, as 280

shown in the upper right of Figure 2, adapts to 281

resource-constrained environments while inherit- 282

ing the assistant model’s sentiment reasoning and 283

classification capabilities. 284

3.3.1 Assistant Model with Multi-Task 285

Learning 286

We propose a multi-task learning framework that 287

shares hard parameters to train the assistant model, 288

Ma, for JMSRC that jointly optimizes two com- 289

plementary tasks, including multimodal sentiment 290

reasoning and classification, as shown in the lower 291

part of Figure 2. 292

L =
−1

B

B∑
i=1

l∑
j=1

logP
(
y
(i)
j | y(i)<j ,M

a(x(i))
)

293

· I
y
(i)
j ̸=−100

, (5) 294

where B denotes the batch size; l denotes the tar- 295

get sequence length of the i-th sample; P denotes 296

the predicted probability of y(i)j at decoding step j 297

based on y
(i)
<j ; I

y
(i)
j ̸=−100

indicates that only tokens 298

whose labels are not equal to -100 (i.e., not masked) 299

participate in the loss. 300

The overall loss function for training the assis- 301

tant model is formulated as follows: 302

La
multi = λa

cls · La
cls + λa

rea · La
rea, (6) 303

where λa
cls and λa

rea are the weighting hyperparam- 304

eters to ensure a balanced trade-off between two 305

tasks. After training, we can obtain the trained 306

assistant model, Ma. 307

Regarding data augmentation, given the limited 308

capabilities of the assistant model, we only retain 309

training samples for which sentiment can be cor- 310

rectly predicted through sentiment reasoning. See 311

the material for more details. 312

Da
rea = {(xi, ĉai , ŷai ) | ŷai = Li}Na

i=1, (7) 313

where ĉai , ŷ
a
i = Ma

(xi; Tpre) and Na < N . 314

The complete sentiment reasoning dataset is ob- 315

tained, which is used to train a student model. 316

Dall
rea = Dt

rea ∪ Da
rea. (8) 317
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3.3.2 Student Model with Joint Learning318

To enable efficient deployment in resource-319

constrained environments, we employ a lightweight320

student MLLM, Ms, trained through knowledge321

distillation. The student model jointly learns from322

two sources, including ground-truth labels (hard323

labels) for accurate prediction and probability dis-324

tributions (soft labels) from the assistant model to325

capture its reasoning patterns. The dual supervi-326

sion allows the student model to inherit the assistant327

model’s discriminative capabilities.328

Hard Label. The student model undergoes fine-329

tuning using constructed reasoning data, Dall
rea, en-330

abling it to acquire step-by-step reasoning capabili-331

ties through reasoning distillation. The hard label332

loss is defined as follows:333 {
Lshard
cls = EDall

rea
logP ([x;L] | Ms)

Lshard
rea = EDall

rea
logP ([x; c] | Ms) ,

(9)334

where P denotes the probability distribution; c rep-335

resents the reasoning process. The losses Lshard
cls336

and Lshard
rea are used to train the student model to337

learn the direct mapping from multimodal input to338

sentiment labels and to generate coherent sentiment339

reasoning, respectively.340

Soft Label. To address the black-box nature341

of closed-source MLLMs, the assistant model is342

employed as an intermediary to provide soft labels343

for distillation. Given an input x, the probability344

distribution pk at the k-th position is obtained from345

the logit value zk through a single forward pass346

followed by the softmax function. It is formally347

defined as:348

pk =
exp ( zk/τ )∑
j exp ( zj/τ )

, (10)349

where τ denotes the temperature hyperparameter,350

which is used to control the smoothness of the dis-351

tribution.352

After obtaining the probability distributions pa353

from Ma and ps from Ms, we employ the Kull-354

back–Leibler (KL) (Wu et al., 2025) divergence to355

minimize the discrepancy between the two distri-356

butions. It enables the student model to mimic the357

prediction behavior of the larger model. The train-358

ing for soft label distillation is defined as follows:359 
Lsoft (p

a, ps) =
∑

k p
a
k log

pak
psk

Lssoft
cls = Lsoft (p

a
cls, p

s
cls)

Lssoft
rea = Lsoft (p

a
rea, p

s
rea) .

(11)360

Joint Learning. The student model training 361

retains the multi-task learning. The overall hard- 362

label loss and soft-label loss for the student model 363

are defined as follows: 364{
Lshard
multi = λshard

cls · Lshard
cls + λshard

rea · Lshard
rea

Lssoft
multi = λ

ssoft
cls · Lssoft

cls + λ
ssoft
rea · Lssoft

rea

(12) 365

where λshard
cls , λshard

rea , λssoft
cls , and λ

ssoft
rea are hyper- 366

parameters that balance the contributions of classi- 367

fication loss and reasoning generation loss in the 368

hard-label and soft-label multi-task learning objec- 369

tives, respectively. 370

To jointly leverage hard-label and soft-label su- 371

pervision, we define the total loss of the student 372

model as follows. 373

Ls
total = (1− λ)Lshard

multi + λLssoft
multi, (13) 374

where λ is a hyperparameter that controls the bal- 375

ance between hard-label and soft-label supervision. 376

4 Experiments 377

4.1 Experimental Settings 378

4.1.1 Datasets 379

We conduct experiments on both coarse-grained 380

MSA, MVSA-Single and MVSA-Multiple datasets, 381

preprocessed following (Liu et al., 2024) and 382

fine-grained MSA, Twitter-2015 and Twitter-2017 383

datasets (Yu and Jiang, 2019). Table 1 presents 384

the statistics of four datasets with the constructed 385

sentiment reasoning data for JMSRC.

Dataset Train Dev Test Traing+ Trainq+

MVSA-Single 3608 451 452 6483 6350
MVSA-Multiple 13619 1702 1702 23424 23697

Twitter-2015 3179 1122 1037 6166 6218
Twitter-2017 3562 1176 1234 6652 6871

Table 1: Statistics of datasets. g+ and q+ represent the
teacher models GPT-4o-mini (Hurst et al., 2024) and
Qwen2.5-VL-72B (Bai et al., 2025), respectively.

3864.1.2 Model Selection 387

To build an efficient hierarchical reasoning distil- 388

lation, we design four distillation architectures, as 389

summarized in Table 2. Note that, while our model 390

selection is limited, experimental results clearly 391

demonstrate the effectiveness of MulCoT-RD. See 392

the Appendix B for more details. 393

4.1.3 Implementation Details 394

We train our models on NVIDIA RTX A6000 395

GPUs using the AdamW optimizer (Loshchilov 396

5



ID Teacher Model Assistant Model Student Model

1 GPT-4o-mini Qwen3-VL-8B Qwen3-VL-2B
2 Qwen2.5-VL-7B Qwen2.5-VL-3B
3 Qwen2.5-VL-72B Qwen3-VL-8B Qwen3-VL-2B
4 Qwen2.5-VL-7B Qwen2.5-VL-3B

Table 2: Four reasoning distillation architectures.

and Hutter, 2017). During training, we set the ini-397

tial learning rate to 3e-4 and employ a dynamic ad-398

justment strategy: if the validation set performance399

does not improve for two consecutive epochs, we400

halve the learning rate until it reaches a minimum401

of 1e-6. Due to resource limitations, we set the402

batch size to 2 and train for a maximum of 20403

epochs. To mitigate instability caused by small404

batch sizes, we use gradient accumulation, updat-405

ing parameters every 20 steps. The multi-task learn-406

ing hyperparameters λa
rea, λshard

rea , λssoft
rea and λa

cls,407

λshard
cls , λssoft

cls are set to 0.8 and 0.2, respectively,408

while the knowledge distillation coefficient λ is set409

to 0.3. Detailed explanations and configurations410

can be found in Appendix D411

4.1.4 Evaluation Metrics412

In line with previous work (Chen et al., 2024),413

we evaluate model performance of classification414

on coarse-grained MSA using Accuracy (Acc)415

and Weighted F1 (w-F1). For fine-grained MSA416

(MASC), we follow previous studies (Zhou et al.,417

2023) and adopt Accuracy and Macro F1 (m-F1)418

as evaluation metrics. For the sentiment reasoning419

task, we employ comprehensive metrics including420

sentence embedding-based cosine similarity (Sim)421

(Reimers and Gurevych, 2019), METEOR (Baner-422

jee and Lavie, 2005), BLEU (Papineni et al., 2002),423

ROUGE-L (Lin, 2004), and Distinct-N1/N2 (Dist-424

1/2) (Li et al., 2015).425

4.2 Baselines426

We compare popular models on coarse-grained427

MSA with MulCoT-RD, including MultiSentiNet428

(Xu and Mao, 2017), HSAN (Xu, 2017), CoMN-429

Hop6 (Xu et al., 2018), MGNNS (Yang et al.,430

2021), CLMLF (Li et al., 2022), MVCN (Wei431

et al., 2023), D2R (Chen et al., 2024). For fine-432

grained MSA, involving ESAFN (Yu et al., 2019),433

TomBERT (Yu and Jiang, 2019), CapTrBERT434

(Khan and Fu, 2021), JML (Ju et al., 2021), VLP-435

MABSA (Ling et al., 2022), CMMT (Yang et al.,436

2022), AoM (Zhou et al., 2023), AETS (Zhu437

et al., 2025). Emotion-LLaMA (Cheng et al.,438

2024) employs pretraining and instruction tuning439

based on LLaMA2-7B-Chat to enhance multimodal440

emotion recognition and explanation. Qwen3- 441

VL-8B-Thinking (Yang et al., 2025a) features 442

Interleaved-MRoPE and DeepStack for powerful 443

spatial-temporal reasoning. Detailed descriptions 444

can be found in Appendix C. 445

4.3 Main Results 446

Unlike previous models that only perform multi- 447

modal sentiment classification, our model enables 448

joint sentiment reasoning and classification. We 449

conduct experiments on both multimodal sentiment 450

classification and reasoning tasks. 451

4.3.1 Results of Multimodal Sentiment 452

Classification 453

Performance on coarse-grained MSA. Table 3 454

presents the comparison results on the coarse- 455

grained MSA task. MulCoT-RD outperforms 456

both the second-best model (Emotion-LLaMA) 457

and the previous state-of-the-art model (D2R) on 458

the MVSA-Single and MVSA-Multiple datasets, 459

achieving substantial improvements. It highlights 460

the benefits of explicitly modeling intra-modal sen- 461

timent structures and cross-modal reasoning pro- 462

cesses. Notably, although the teacher model has 463

greater parameter capacity, its lack of task-specific 464

fine-tuning for MSA leads to suboptimal model- 465

ing of cross-modal emotional relations, making it 466

inferior to the assistant model optimized with task- 467

oriented objectives. Moreover, the student model 468

outperforms the assistant model in certain cases, 469

likely due to benefiting from the augmented train- 470

ing data generated by the assistant, which improves 471

its generalization and robustness. 472

Performance on MASC. As shown in Table 4, 473

the MulCoT-RD(asst) model (with Qwen2.5-VL- 474

72B as the teacher) achieves the best overall perfor- 475

mance. Compared to the second-best models AoM 476

and AETS, MulCoT-RD(asst) exhibits a slight de- 477

crease in accuracy on the Twitter-2017 dataset 478

by 1.4% and 1.6%, respectively, but consistently 479

achieves the highest scores across all other eval- 480

uation metrics. We attribute this to two primary 481

reasons. First, the Twitter-2017 dataset contains a 482

large number of unparseable and unrecognizable 483

symbols (Peng et al., 2024), including emojis that 484

are commonly used on Twitter. These symbols 485

may mislead the model by obscuring emotional se- 486

mantics during reasoning, thereby slightly reducing 487

accuracy. Second, MulCoT-RD(asst) is fine-tuned 488

using LoRA, whereas most existing SOTA meth- 489

ods, such as AoM and AETS, adopt full-parameter 490

fine-tuning. This limits the extent of parameter up- 491
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Model Venue MVSA-S MVSA-M
Acc w-F1 Acc w-F1

MultiSentiNet CIKM’17 69.8 69.8 68.9 68.1
HSAN ISI’17 69.9 66.9 68.0 67.8

CoMN-Hop6 SIGIR’18 70.5 70.0 68.9 68.8
MGNNS ACL’21 73.8 72.7 72.5 69.3
CLMLF NAACL’21 75.3 73.5 72.0 69.8
MVCN ACL’23 76.1 74.6 72.1 70.0
D2R EMNLP’24 76.7 75.6 71.6 70.9

Emotion-LLaMA† NeurIPS’24 82.7 81.8 75.6 75.2
Open-Flamingo‡ ICML’25 66.3 - 68.7 -

Qwen2.5-VL-3B∗ Student 62.8 66.4 74.2 70.7
Qwen2.5-VL-7B∗ Assistant 67.7 69.6 74.7 70.9

3-VL-8B-Thinking∗ 72.3 71.5 70.2 69.4
GPT-4o-mini∗ Teacher1 76.7 75.6 71.6 71.4

MulCoT-RD(asst) 83.6 82.8 75.7 72.9
MulCoT-RD(stu) 82.7 82.3 76.9 74.2
Qwen2.5-VL-72B∗ Teacher2 67.9 70.8 74.2 71.8
MulCoT-RD(asst) 83.2 82.1 76.9 73.8
MulCoT-RD(stu) 83.4 83.2 77.2 74.4

Table 3: Results for coarse-grained MSA. Models above
the middle line are small models fully fine-tuned, while
those below are (M)LLMs fine-tuned with LoRA. †

denotes the results reproduced by us using models re-
trained on our datasets. ‡ indicates the 16-shot per-
formance under In-Context Learning (ICL). The best
results are bold-typed and the second best ones are un-
derlined. ∗ means the zero-shot performance.

dates during task adaptation, resulting in smaller492

performance gains compared to full fine-tuning (Bi-493

derman et al., 2024). Given this, we believe our494

proposed method remains effective for MASC.495

Notably, the student model of MulCoT-RD con-496

tains only 3B parameters, significantly fewer than497

the large multimodal architecture of Emotion-498

LLaMA (Cheng et al., 2024), which com-499

bines LLaMA2-7B-chat with encoders like EVA,500

CLIP, VideoMAE, and HuBERT-large. Despite501

its smaller size, MulCoT-RD(stu) outperforms502

Emotion-LLaMA on multiple benchmarks, demon-503

strating superior efficiency and strong applicability504

in resource-constrained settings.505

4.3.2 Evaluation of Sentiment Reasoning506

MulCoT-RD achieves efficient and effective sen-507

timent reasoning. We evaluate the reasoning per-508

formance of the student and assistant models, as509

well as Emotion-LLaMA, using the sentiment rea-510

soning process from the teacher model as gold-511

standard references (exemplified by GPT-4o-mini),512

with results presented in Table 5. Our models513

achieve a comprehensive performance advantage514

over Emotion-LLaMA across all key reasoning515

metrics. The results demonstrate high-quality senti-516

ment reasoning generation across multiple eval-517

uation metrics. Cosine similarity (Sim) consis-518

Model Venue Twitter-15 Twitter-17
Acc m-F1 Acc m-F1

ESAFN TASLP’20 73.4 67.4 67.8 64.2
TomBERT IJCAI’19 77.2 71.8 70.5 68.0

CapTrBERT ACM MM’21 78.0 73.2 72.3 70.2
JML EMNLP’21 78.7 - 72.7 -

VLP-MABSA ACL’22 78.6 73.8 73.8 71.8
CMMT IPM’22 77.9 - 73.8 -
AoM ACL’23 80.2 75.9 76.4 75.0
AETS AAAI’25 79.5 - 76.6 -

Emotion-LLaMA† NeurIPS’24 73.9 70.2 69.2 67.9
Open-Flamingo‡ ICML’25 70.4 - 62.6 -

Qwen2.5-VL-3B∗ Student 48.9 49.7 56.8 55.6
Qwen2.5-VL-7B∗ Assistant 58.3 55.6 58.6 57.6

3-VL-8B-Thinking∗ 59.2 55.8 60.4 58.9
GPT-4o-mini∗ Teacher1 49.4 37.6 54.0 52.8

MulCoT-RD(asst) 80.7 75.3 74.6 74.6
MulCoT-RD(stu) 80.4 75.2 74.0 73.3
Qwen2.5-VL-72B∗ Teacher2 59.5 57.1 63.9 63.4
MulCoT-RD(asst) 80.8 77.2 75.0 75.1
MulCoT-RD(stu) 80.5 75.1 74.3 74.1

Table 4: Results of different methods for MASC. “-”
means it does not exist in the original paper.
tently exceeds 90% across all models, confirm- 519

ing strong semantic alignment between generated 520

and gold-standard reasoning chains. METEOR 521

scores ranging from 45.4% to 59.8% further indi- 522

cate substantial paraphrase-level and lexical over- 523

lap. While BLEU and ROUGE-L show some 524

fluctuations, coarse-grained MSA variants gener- 525

ally outperform fine-grained MSA, reflecting better 526

surface-form alignment. Distinct-N1 and Distinct- 527

N2 scores remain approximately 49% and 80%, re- 528

spectively, indicating that the generated reasoning 529

maintains high linguistic diversity, enhancing the 530

interpretability and robustness of reasoning tasks. 531

Case studies can be found in the Appendix I.

Model Dataset Sim Meteor Bleu Rouge-L Dist-1 Dist-2

ELLA

MVSA-S 87.6 35.9 14.6 35.1 49.8 80.2
MVSA-M 84.7 36.0 15.9 35.9 52.5 83.7
Twitter-15 86.3 38.6 18.3 39.3 42.7 72.9
Twitter-17 86.6 38.1 17.6 38.2 43.0 73.1

Asst

MVSA-S 92.6 59.8 47.8 55.0 49.8 80.2
MVSA-M 93.0 57.4 48.1 57.2 48.6 79.4
Twitter-15 92.9 54.6 43.0 58.3 42.4 72.9
Twitter-17 90.5 51.2 35.9 53.3 45.2 74.1

Stu

MVSA-S 92.2 47.3 58.8 54.2 49.8 80.2
MVSA-M 92.1 56.8 46.7 55.8 49.5 80.3
Twitter-15 90.3 45.4 28.2 46.0 49.5 79.9
Twitter-17 90.0 49.2 33.1 50.8 45.2 74.1

Table 5: Evaluation results of generated reasoning from
Emotion-LLaMA, assistant and student models. 532

4.4 Ablation Study 533

In this section, we investigate the impact of each 534

MulCoT-RD component, with results presented in 535
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Table 6. When we only use the text modality (w/o536

Img), the model performs worse on all metrics537

compared to the complete model, highlighting the538

importance of incorporating visual modality. Simi-539

larly, when we remove the text modality (w/o Text),540

the model has a significant performance drop on all541

datasets. The decline, more severe than w/o Img,542

highlights the key role of text and the necessity of543

multimodal integration. w/o Rea means to remove544

the multi-task learning paradigm and exclude the545

sentiment reasoning task from the training process,546

leading to a general performance drop. It highlights547

the importance of deeply modeling intra-modal and548

cross-modal sentiment reasoning. Note that all549

the above ablation experiments are conducted on550

the assistant model. w/o Asst omits the assistant551

model, removing the use of soft labels in the distil-552

lation process and reducing the scale and diversity553

of training data. This leads to a notable perfor-554

mance drop across all datasets, demonstrating the555

effectiveness of the teacher–assistant–student hier-556

archical distillation framework for JMSRC.557

Method MVSA-S MVSA-M Twitter-15 Twitter-17
Acc w-F1 Acc w-F1 Acc m-F1 Acc w-F1

MulCoT-RD 83.2 82.1 76.9 73.8 80.8 77.2 75.0 75.1

w/o Img 79.4 77.7 73.7 73.0 78.4 72.5 73.5 73.5
w/o Txt 77.9 77.1 66.2 67.7 65.6 56.6 64.6 59.4
w/o CoT 79.9 79.7 74.2 73.1 79.9 75.5 74.2 73.4
w/o Asst 81.9 81.3 75.2 74.1 79.3 72.3 73.7 73.3

Table 6: The performance comparison of our full
model and its ablated methods under the setting where
Qwen2.5-VL-72B serves as the teacher model.

4.5 Efficiency of MulCoT-RD558

To further demonstrate the practicability of559

MulCoT-RD, we provide the model efficiency com-560

parison in Figure 3. We find that, on the MVSA-561

Single and Twitter-2015 datasets, our distilled stu-562

dent models (Qwen2.5-VL-3B and Qwen3-VL-563

2B) achieve significantly lower inference latency564

and GPU memory usage than Emotion-LLaMA,565

while obtaining notable improvements in Accu-566

racy. Specifically, in Twitter-2015, Qwen3-VL-2B567

achieves the 8.79% accuracy improvement (80.4 vs.568

73.9) with 5.81x fewer parameters and 0.33x faster569

inference speed compared to Emotion-LLaMA.570

4.6 Robustness of MulCoT-RD571

To validate the robustness of our approach across572

different backbones, we conducted the base-model573

adaptation study by replacing the Qwen2.5-VL se-574

ries with the Qwen3-VL series (as shown in Ta-575

Figure 3: Efficiency comparison on MVSA-Single and
Twitter-2015. Metrics are measured on the batch size
as 1 and all samples are from the test set. Note that the
models are trained under the paradigm where Qwen2.5-
VL-72B serves as the teacher model. Detailed efficiency
comparison results are provided in Appendix H.

ble 7) and the Flan-T5 series (see Appendix G). The 576

results demonstrate that the models maintain strong 577

performance across different backbones, illustrat- 578

ing the robustness and adaptability of MulCoT-RD. 579

Qwen3-VL MVSA-S MVSA-M Twitter-15 Twitter-17
Acc w-F1 Acc w-F1 Acc m-F1 Acc m-F1

8B (asst)1 83.6 82.9 76.0 73.5 80.5 76.3 76.1 75.1
2B (stu)1 84.1 83.7 76.7 74.1 80.0 75.2 74.8 74.7

8B (asst)2 83.2 82.6 76.7 73.2 80.9 77.4 75.0 73.4
2B (stu)2 83.4 82.4 76.8 74.2 80.4 76.7 73.8 73.0

Table 7: Performance of Qwen3-VL-based models on
coarse-grained MSA and MASC. The best results are
bold-typed, and the second best ones are underlined. 1
and 2 indicate the Teacher models, with 1 being GPT-
4o-mini and 2 being Qwen2.5-VL-72B.

5 Conclusion 580

We focus on Joint Multimodal Sentiment Reason- 581

ing and Classification, JMSRC, in the resource- 582

limited scenario that simultaneously generates mul- 583

timodal reasoning chains and sentiment predictions. 584

To address the dual challenges of reasoning inter- 585

pretability and efficient deployment, we introduce 586

MulCoT-RD, a unified framework combining struc- 587

tured CoT enhancement with reasoning distillation. 588

Through a hierarchical teacher-assistant-student 589

paradigm and joint multi-task learning, our method 590

enables lightweight models to autonomously per- 591

form high-quality sentiment reasoning and classifi- 592

cation. Extensive experiments across four datasets 593

demonstrate the effectiveness and robustness of 594

MulCoT-RD. In future work, we plan to incor- 595

porate direct preference optimization (DPO) with 596

high- and low-quality reasoning sample filtering to 597

further enhance the model’s emotional reasoning 598

quality and classification performance. 599
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Limitations600

MulCoT-RD demonstrates strong performance on601

joint multimodal sentiment reasoning and clas-602

sification with a lightweight model, yet several603

limitations exist. Our approach depends on high-604

performance teacher models (e.g., GPT-4o-mini) to605

synthesize the initial reasoning dataset via carefully606

crafted Chain-of-Thought prompts. This genera-607

tion process entails considerable inference costs608

and is sensitive to the consistency and quality of609

the teacher model’s outputs. The evaluation of610

generated reasoning chains relies mainly on auto-611

matic metrics, including n-gram overlap measures612

and embedding-based cosine similarity. These613

metrics may fail to adequately assess semantic614

coherence, factual accuracy, logical consistency,615

or human-perceived interpretability. Due to re-616

source constraints, no large-scale human evalua-617

tion of reasoning quality was conducted. Although618

the student model is lightweight and targeted at619

resource-constrained deployment, it is built on620

a vision-language architecture that requires mul-621

timodal processing capabilities. This results in622

higher memory and computational demands than623

unimodal text-only models, which may limit de-624

ployment on extremely low-resource devices with625

minimal hardware acceleration support. We leave626

the exploration of more cost-effective reasoning627

data generation, comprehensive human evaluation628

of reasoning quality, multilingual generalization,629

and deployment on edge devices for future work.630

Ethical considerations631

This work constructs a multimodal sentiment rea-632

soning dataset by augmenting existing publicly633

available multimodal sentiment analysis datasets634

with model-generated reasoning produced by635

closed-source large multimodal language models636

(MLLMs). All source datasets are publicly avail-637

able and are used in accordance with their origi-638

nal licenses and terms of use. The closed-source639

MLLMs are accessed exclusively through offi-640

cial APIs, and no private, proprietary, or user-641

identifiable data are accessed or collected.642

The proposed dataset does not introduce new per-643

sonal information beyond what is already present644

in the original public datasets, nor does it attempt645

to infer sensitive personal attributes. We acknowl-646

edge that sentiment interpretation is inherently sub-647

jective and that model-generated reasoning may648

reflect biases present in the underlying models. To649

reduce this risk, we employ structured prompting 650

and verification procedures to improve annotation 651

consistency and reliability. 652

The dataset is intended solely for research pur- 653

poses in multimodal sentiment understanding and 654

reasoning. We believe that this work adheres to 655

established ethical standards for data usage and re- 656

sponsible application of large-scale models, and 657

we do not anticipate foreseeable misuse beyond the 658

scope of existing sentiment analysis research. 659
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A Data expansion with Assistant Model964

After training the assistant model, we apply it to965

perform inference on the original training set966

only, explicitly excluding the validation and test967

sets to prevent any risk of label leakage. During968

this process, we retain only those samples whose969

predicted sentiment labels match the ground truth.970

These correctly predicted samples are then merged971

with the original training set to construct an ex-972

panded dataset, which is subsequently used for973

training the student model. Detailed results of the974

data expansion are presented in Table 8.975

Dataset Samples GPT-4o-mini Qwen2.5-VL-72B
Acc w-F1 m-F1 Acc w-F1 m-F1

MVSA-S 3608 79.7 79.7 69.9 76.0 77.1 66.9
MVSA-M 13619 72.0 68.0 55.3 74.0 70.5 60.6
Twitter-15 3179 94.0 94.1 92.6 95.6 95.6 94.6
Twitter-17 3562 86.8 86.7 86.4 92.9 92.9 93.4

Table 8: Performance of the Assistant Model (Qwen-
2.5-VL-7B) on Training Sets During Data Expansion,
Guided by Different Teacher Models.

This strategy significantly increases the scale 976

and diversity of the training data, broadens the cov- 977

erage of sentiment label distributions, and incurs 978

no additional manual annotation cost. It equips the 979

student model with richer and higher-quality learn- 980

ing signals, effectively mitigating the challenge of 981

limited annotated data commonly encountered in 982

multimodal sentiment analysis tasks. 983

B Model Selection 984

To construct a hierarchical reasoning distillation 985

framework for achieving efficient joint multimodal 986

sentiment reasoning and classification (JMSRC), 987

we carefully select the following models as the 988

teacher model, the assistant model, and the student 989

model. Table 9 shows the specific model selections 990

and their characteristics.

Role Model Access Release Date

Teacher GPT-4o-mini Closed 2024.07
Qwen2.5-VL-72B Open 2025.02

Assistant Qwen3-VL-8B Open 2025.10
Qwen2.5-VL-7B Open 2025.02

Student Qwen3-VL-2B Open 2025.10
Qwen2.5-VL-3B Open 2025.02

Table 9: Model Selection and Characteristics.
991

C Baselines 992

Methods for coarse-grained MSA. 1) MultiSen- 993

tiNet (Xu and Mao, 2017) is a deep attention-based 994

semantic network for multimodal sentiment analy- 995

sis. 2) HSAN (Xu, 2017) is a hierarchical semantic 996

attentional network based on image captions for 997

multimodal sentiment analysis. 3) CoMN-Hop6 998

(Xu et al., 2018) utilizes co-memory network to 999

iteratively model the interactions between multi- 1000

ple modalities. 4) MGNNS (Yang et al., 2021) 1001

adopts multi-channel graph neural networks with 1002

sentiment-awareness for image-text sentiment de- 1003

tection. 5) CLMLF (Li et al., 2022) proposes a 1004

contrastive learning and multi-layer fusion method 1005
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for multimodal sentiment detection. 6) MVCN1006

(Wei et al., 2023) designs a multi-view calibration1007

network to solve the modality heterogeneity for1008

multimodal sentiment detection. 7) D2R (Chen1009

et al., 2024) proposes a dual-branch dynamic rout-1010

ing network to enhance multimodal sentiment de-1011

tection by effectively modeling cross-modal inter-1012

actions. 8) Emotion-LLaMA (Cheng et al., 2024)1013

employs a specialized emotion tokenizer and in-1014

struction fine-tuning based on the LLaMA2-7B-1015

chat to enhance multimodal emotion recognition.1016

9) Qwen3-VL-8B-Thinking (Yang et al., 2025a)1017

features Interleaved-MRoPE and DeepStack for1018

powerful spatial-temporal reasoning, plus precise1019

Text–Timestamp Alignment. With native 256K1020

context, it excels at complex STEM and logic tasks.1021

Methods for fine-grained MSA. 1) ESAFN1022

(Yu et al., 2019) is an entity-level sentiment anal-1023

ysis method based on LSTM. 2) TomBERT (Yu1024

and Jiang, 2019) applies BERT to obtain aspect-1025

sensitive textual representations. 3) CapTrBERT1026

(Khan and Fu, 2021) translates images into text1027

and construct an auxiliary sentence for fusion. 4)1028

JML (Ju et al., 2021) is the first joint model for1029

MABSA with an auxiliary cross-modal relation1030

detection module. 5) VLP-MABSA (Ling et al.,1031

2022) performs five task-specific pretraining tasks1032

to model aspects, opinions, and alignments. 6)1033

CMMT (Yang et al., 2022) implements a gate to1034

control the multimodal information contributions1035

during inter-modal interactions. 7) AoM (Zhou1036

et al., 2023) introduces an aspect-oriented network1037

designed to reduce visual and textual distractions1038

from complex image-text interactions. 8) Emotion-1039

LLaMA (Cheng et al., 2024). 9) AETS (Zhu1040

et al., 2025) improves multimodal sentiment analy-1041

sis by enhancing aspects and simplifying text. 10)1042

Qwen3-VL-8B-Thinking (Yang et al., 2025a)1043

D Implementation Details1044

D.1 Hyperparameters in Multi-Task Learning1045

In our multi-task learning setup, we assign weights1046

of 0.8 and 0.2 to the CoT (Chain-of-Thought) gen-1047

eration task and the sentiment classification task,1048

respectively. This design is motivated by the fol-1049

lowing considerations:1050

• Task complexity: CoT generation involves1051

structured reasoning and belongs to a class1052

of complex sequence generation tasks, which1053

are more difficult to train and typically in-1054

cur higher loss values. In contrast, sentiment1055

classification is a relatively simple three-way 1056

classification task. Therefore, assigning a 1057

higher weight to CoT generation encourages 1058

the model to focus more on learning reasoning 1059

capabilities. 1060

• Convergence and gradient sensitivity: As 1061

shown in Figure 4, when the loss weights of 1062

the CoT generation task are set to 0.8 and 1063

0.2, the model exhibits a significant differ- 1064

ence in converged loss: specifically, the loss 1065

differs by approximately 4x on the MVSA- 1066

Single dataset (0.0134 vs. 0.0033) and by ap- 1067

proximately 12x on the Twitter-2015 dataset 1068

(0.0084 vs. 0.0007). In contrast, for the sen- 1069

timent classification task, the model’s con- 1070

verged loss remains largely consistent under 1071

different loss weight settings. Preliminary ex- 1072

periments show that the CoT task converges 1073

more slowly and is more sensitive to gradi- 1074

ent fluctuations. Increasing its loss weight 1075

helps amplify gradient signals and improves 1076

training stability and task performance. 1077

• Empirical validation: We experimented with 1078

different weight configurations (e.g., {0.5, 1079

0.5}, {0.2, 0.8}) and observed that assigning 1080

lower weights to the CoT task led to slower 1081

loss reduction and decreased classification ac- 1082

curacy. In contrast, the {0.8, 0.2} setting con- 1083

sistently yielded better performance on both 1084

the validation and test sets. 1085

Figure 4: Effect of Loss Weight on Convergence for
CoT Generation and Sentiment Classification Tasks.

This weighting scheme also reflects the task bal- 1086

ancing principle proposed by CoTBal (Dai et al., 1087

2024), which emphasizes that in multi-task sce- 1088

narios, loss weights should be adaptively assigned 1089

based on task complexity and learning dynamics to 1090
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enhance main-task optimization and overall model1091

performance.1092

D.2 Hyperparameter in Knowledge1093

Distillation1094

We set the hyperparameter λ to 0.3, following1095

the empirical practices in prior work (Lee et al.,1096

2024), which achieve a good balance between sta-1097

ble training and effective knowledge transfer from1098

the teacher model.1099

D.3 LoRA Configuration1100

In all experiments, we adopt Low-Rank Adaptation1101

(LoRA) for parameter-efficient fine-tuning of the1102

multimodal models, rather than updating all param-1103

eters. In our implementation, the LoRA rank is set1104

to r = 16 and the scaling factor is set to α = 32.1105

This strategy allows the models to adapt effectively1106

to downstream tasks under limited computational1107

resources, while significantly reducing the number1108

of trainable parameters. The proportion of train-1109

able parameters for each model is summarized in1110

Table 10, and further implementation details are1111

available in the anonymous code repository.1112

Model Total Parameters Trainable Ratio (%)

Qwen3-VL-8B 8,810,770,672 43,646,976 0.4954
Qwen3-VL-2B 2,144,964,608 17,432,576 0.8127

Qwen2.5-VL-7B 8,339,756,032 47,589,376 0.5706
Qwen2.5-VL-3B 3,791,775,744 37,152,768 0.9798

Table 10: Total and trainable parameter counts under
LoRA fine-tuning.

E Details of the Adaptive Retry1113

Controller (ARC)1114

Since large multimodal models are still prone1115

to hallucinations in open-ended generation—such1116

as producing content that deviates from the task1117

specification or violating the required output for-1118

mat—the predicted sentiment label cannot always1119

be reliably extracted from a single response. To1120

mitigate this issue, we introduce an Adaptive Retry1121

Controller (ARC) in the inference stage. Whenever1122

the initially generated response does not conform1123

to the expected format or fails to yield a valid sen-1124

timent label, ARC automatically triggers a retry1125

process, prompting the model to regenerate the re-1126

sponse for the same input sample. This process1127

is repeated until a valid output is obtained or a1128

predefined maximum number of retries is reached.1129

Two-Stage Reasoning CoT Prompt Template —— Stage 1: Predict + Stage 2: Explain

about

about

about

Task Description

 You are a multimodal sentiment classification expert for Twitter posts. 

 First, thoroughly understand the content of this image. 

{Please fill in the task description for the current stage.}

Sentiment Definitions

 Each post is labeled in three-way classification scheme: ["positive", "neutral", "negative"].

 The definitions of these three are given below:

1.Positive: Represents emotions or attitudes that are  happy, pleasant, optimistic or humorous.

2.Neutral: Represents emotions with no clear tendency, neither positive nor negative. 

  It is often used to objectively describe facts, information without distinct emotional color.

3.Negative: Represents emotions or attitudes that are negative, angry, disappointed, fear, or irony.

Post Information

 This Twitter post includes the text: {text} and the image.

Reasoning Format

"Text_analysis": "Briefly summarize the sentiment conveyed by the text.",

"Image_analysis": "Briefly summarize the sentiment conveyed by the image.",   

"Conflict_resolution": "If conflicts exist between text and image analyses, identify and resolve them.",  

"Final_conclusion": "Provide a comprehensive analysis by integrating insights from both text and image modalities.",  

{Please fill in the response format for the current stage.}

Then your task is to infer the label of the post based on the information provided.

"Prediction": "positive/neutral/negative"

Stage 1: Predict (           )

Basic Template (        )

Then your task is to explain why the post is labeled as {label} based on the information provided.

"Prediction": {label}

Stage 2: Explain (           )

Figure 5: Two-stage reasoning prompt template.

In our implementation, the maximum number of 1130

retries is set to three. This choice strikes a balance 1131

between improving label extraction robustness and 1132

controlling computational overhead. Empirically, 1133

approximately 79% of the samples obtain a valid 1134

prediction within one or two generations, while 1135

only a small fraction require the full retry budget. 1136

As a result, ARC substantially reduces cases of 1137

missing or incorrectly parsed predictions, leading 1138

to a more stable and reliable inference pipeline 1139

without incurring prohibitive additional cost. 1140

F Two-stage reasoning prompt template 1141

The prompt template for the two-stage multimodal 1142

Chain-of-Thought (CoT) is illustrated in Figure 1143

5. By leveraging the basic template Tb, the frame- 1144

work assigns a multimodal expert role to the model 1145

and prescribes a four-step structured reasoning pro- 1146

cess—comprising text analysis, image analysis, 1147

conflict resolution, and final conclusion—to explic- 1148

itly address emotional correlations and conflicts 1149

between text and image modalities. Specifically, 1150

the execution is bifurcated into two stages: Pre- 1151

diction (Ppre) and Explanation (Pexp). In the first 1152

stage, the model is required to autonomously derive 1153

sentiment labels based on multimodal information 1154

to evaluate its inherent reasoning capabilities. In 1155

the second stage, the model is guided to backwardly 1156

construct logical justifications grounded in known 1157

labels, thereby generating deep-seated sentiment 1158

explanations. This two-stage decoupled design not 1159

only ensures the logical rigor of the reasoning chain 1160

but also substantially enhances the quality and in- 1161

terpretability of the generated data through the CoT 1162

mechanism. 1163
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G Robustness of MulCoT-RD1164

For the Flan-T5 series. We utilize MiniCPM-o-1165

2.6 (Team, 2025) to generate image captions, con-1166

verting multimodal inputs to text-only format. Us-1167

ing the Flan-T5 architecture, we fine-tune both as-1168

sistant and student models with full parameters,1169

replicating the complete training pipeline including1170

multimodal CoT enhancement, multi-task learning,1171

and reasoning distillation. As shown in Figure 61172

to 8, the Flan-T5-based models achieve strong per-1173

formance despite having only 248M parameters,1174

demonstrating the robustness and adaptability of1175

MulCoT-RD across diverse backbone architectures.1176
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Figure 6: Accuracy comparison of teacher (GPT-3.5-
Turbo), assistant (Flan-T5-Large with 783M parameters)
and student (Flan-T5-Base) models.
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and student(Flan-T5-Base with 248M parameters) mod-
els.

H Efficiency of MulCoT-RD1177

From the comparison of the data in Tables 11 and1178

Table 12, Qwen3-VL-2B demonstrates strong com-1179

petitiveness under resource-constrained scenarios.1180

On the MVSA-Single dataset, its GPU memory1181

consumption is only 4.11 GB, approximately 13%1182

of Emotion-LLaMA (31.61 GB), substantially low-1183

ering the hardware deployment barrier. In con-1184

trast, our student models, by optimizing TFLOPs,1185

achieve significantly reduced end-to-end inference1186
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Figure 8: Macro-F1 comparison of teacher(GPT-3.5-
Turbo), assistant(Flan-T5-Large with 783M parameters)
and student(Flan-T5-Base with 248M parameters) mod-
els.

latency while maintaining minimal memory usage. 1187

These results clearly indicate that knowledge dis- 1188

tillation using high-quality two-stage CoT data en- 1189

ables lightweight models to achieve a favorable 1190

balance of high accuracy, low latency, and compact 1191

footprint in multimodal sentiment analysis tasks, 1192

providing reliable support for real-time online mon- 1193

itoring and mobile deployment. 1194

Model Params TFLOPs Latency Memory
(B) - (ms) (GB)

Qwen2.5-VL-72B 73.41 38.24 17849.37 149.69
Emotion-LLaMA 14.58 4.11 11342.73 31.61

Qwen3-VL-8B 8.81 3.13 10708.24 16.61
Qwen3-VL-2B 2.14 3.15 8302.95 4.11

Qwen2.5-VL-7B 8.34 3.02 7002.99 15.81
Qwen2.5-VL-3B 3.79 1.32 8500.58 7.35

Table 11: Efficiency comparison on the MVSA-Single
dataset.

Furthermore, we observe that Qwen2.5-VL-7B 1195

exhibits even lower inference latency than Qwen3- 1196

VL-2B and Qwen2.5-VL-3B, despite having a 1197

larger parameter count. This can be attributed 1198

to two factors: first, Qwen2.5-VL-7B has fewer 1199

LLM layers (28 vs. 36) (Bai et al., 2025); second, 1200

its larger hidden dimension increases the size of 1201

per-layer matrix operations, which allows modern 1202

GPUs to better saturate memory bandwidth and 1203

compute units, thereby achieving higher per-token 1204

computation efficiency (higher model bandwidth 1205

utilization) (Recasens et al., 2025). 1206

I Case Study 1207

To validate MulCoT-RD’s effectiveness, we present 1208

two illustrative cases in Figure 9. In case (a), D2R 1209

incorrectly predicts sentiment by overrelying on 1210

surface-level positive terms like "popular" and "bi- 1211

partisan" while missing the emotional shift from 1212
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(a) RT @nationaljournal: Supreme Court term 

limits are popular, bipartisan, and hopeless.

(b) RT @ tunkuv : Wedding photo becomes 

symbol of South Korea MERS scare

Image

Text

Task Coarse-Grained MSA

Previous SOTA
Method: D2R

Prediction: Positive

Method: AoM

Prediction: Negative

MulCoT-RD

(ours)

"Text_analysis": "The text discusses the 

popularity and bipartisan support of Supreme 

Court term limits but calls them 'hopeless'

indicating negative sentiment about feasibility."

"Image_analysis": "The image shows a large 

crowd outside the Supreme Court, suggesting 

public concern and urgency."

"Conflict_resolution": "Despite some positive

points, the overall tone is negative due to

'hopeless.' The crowd image reinforces public 

frustration or disappointment."

"Final_conclusion": "The text's negative view 

aligns with the image's portrayal of public 

concern, jointly conveying an overall negative 

sentiment."

"Text_analysis": "The text says the wedding 

photo symbolizes the South Korea MERS scare

but does not express positive or negative

sentiment toward MERS, focusing on cultural 

significance with a neutral tone."

"Image_analysis": "The image shows people, 

including a newlywed couple, wearing masks 

possibly related to MERS, but it conveys no

clear sentiment and maintains a neutral tone."

"Conflict_resolution": "There is no conflict;  

both text and image present neutral, factual 

observations without emotional expression."

"Final_conclusion": "Overall, the text and 

image provide objective, neutral information 

about the symbolic meaning and health measures, 

supporting a neutral classification."

✘ ✘
Sentiment Reasoning

Sentiment Classification

Sentiment Reasoning

Sentiment Classification

"Prediction": "Negative" "Prediction": "Neutral"

Fine-Grained MSA

Figure 9: Visualization of two samples, using the MulCoT-RD architecture with ID 4 from Table 2.

Model Params TFLOPs Latency Memory
(B) - (ms) (GB)

Qwen2.5-VL-72B 73.41 38.41 17524.94 149.76
Emotion-LLaMA 14.58 4.31 11582.16 31.66

Qwen3-VL-8B 8.81 3.39 9930.38 16.62
Qwen3-VL-2B 2.14 3.60 8710.76 4.12

Qwen2.5-VL-7B 8.34 3.21 6209.65 15.83
Qwen2.5-VL-3B 3.79 1.44 8113.90 7.37

Table 12: Efficiency comparison on the Twitter-2015
dataset.

the word "hopeless" which establishes a negative1213

tone. MulCoT-RD successfully captures this rever-1214

sal. In case (b), the AoM misclassifies sentiment1215

for the aspect term "MERS" by focusing on su-1216

perficially negative words like "scare", leading to1217

misinterpretation. MulCoT-RD effectively distin-1218

guishes between author stance (factual reporting)1219

and content sentiment, producing correct predic-1220

tions. This superior performance stems from our1221

multi-task learning mechanism that integrates CoT1222

reasoning and sentiment classification, enabling 1223

comprehensive modeling of intra-modal and cross- 1224

modal sentiment reasoning. 1225
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