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Abstract001

Multimodal aspect-based sentiment classifi-002
cation (MABSC) requires aspect-level senti-003
ment inference from textual-image data that004
jointly convey opinions. Yet most existing005
approaches primarily exploit discrete polar-006
ity patterns and generic visual embeddings,007
making them less effective when the affect008
is subtle, implicit, or expressed through im-009
agery. In this work, we propose VADE, a Va-010
lence–Arousal–Dominance (VAD)-Enhanced011
MABSC framework that brings continuous012
VAD signals into multimodal sentiment rea-013
soning and learns emotion-sensitive image rep-014
resentations. Specifically, we design a VAD015
encoder to extract continuous affect cues from016
text for aspect-level sentiment reasoning. Fur-017
thermore, we fine-tune a CLIP-based image018
encoder on affect-enriched image–text pairs019
to obtain visual representations that are more020
sensitive to sentiment cues. To support the021
fine-tuning process, we construct an affect-022
enriched image–text dataset Senti-COCO by023
rewriting MSCOCO captions with a multi-024
modal large language model, which yields025
large-scale image-text pairs with richer affec-026
tive expressions. Experiments on two main-027
stream datasets, Twitter-15 and Twitter-17,028
show that VADE achieves a new state-of-the-art029
performance, demonstrating the effectiveness030
of incorporating VAD signals for MABSC.031

1 Introduction032

Multimodal aspect-based sentiment classification033

(MABSC) aims to predict the sentiment polar-034

ity toward a given aspect term in user-generated035

posts, such as tweets, where text and images jointly036

convey opinions (Zhao et al., 2024). Compared037

with sentence-level multimodal sentiment analysis,038

MABSC requires finer-grained reasoning because039

multiple aspects can co-exist in the same tweet and040

each aspect may associate with a different senti-041

ment. As shown in Figure 1, each sample consists042
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Figure 1: An example of multimodal aspect-based sen-
timent classification (MABSC): given an image, its ac-
companying tweet, and the aspect terms (highlighted
in the text), the goal is to predict the sentiment polarity
(POSITIVE/NEUTRAL/NEGATIVE) for each aspect term.

of an image–text pair with aspect terms marked in 043

the text, and the model predicts a polarity label for 044

each aspect term. 045

Existing MABSC methods have mainly focused 046

on improving how textual and visual evidence 047

is aligned and fused, aiming to reduce modality 048

noise while highlighting aspect-relevant sentiment 049

cues (Yu and Jiang, 2019; Yu et al., 2019; Khan 050

and Fu, 2021; Xu et al., 2019; Yang et al., 2022). 051

As a result, current approaches typically treat the 052

image as a source of auxiliary evidence and rely 053

on certain fusion mechanisms to discover whatever 054

cues the visual modality may contain. This reflects 055

a common research paradigm in sentiment analysis, 056

where pretrained models are used to extract fea- 057

tures and a classifier is applied to predict discrete 058

sentiment labels. 059

However, affect is inherently continuous: 060

decades of psychology describe core affect along 061

continuous dimensions (Russell, 1980, 2003). To 062

address this gap, recent research has introduced 063

emotion space theory into sentiment analysis, advo- 064

cating for Dimensional Sentiment Analysis (DSA) 065

that models continuous affective variation rather 066

than relying solely on discrete categories (Park 067
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et al., 2021; Ghosh et al., 2023). While dimen-068

sional sentiment analysis has proven effective069

in capturing nuanced human emotions through070

continuous affective dimensions such as valence071

and arousal (Buechel and Hahn, 2017; Yu et al.,072

2016), its application has been largely confined to073

document-level or sentence-level analysis in uni-074

modal settings. Although the dimABSA shared075

task (Lee et al., 2024) represents progress toward076

dimensional aspect-level analysis, the participat-077

ing systems (Zhang et al., 2024; Zhu et al., 2024)078

remain text-centric, overlooking the complemen-079

tary visual cues that current MABSC research has080

shown to be valuable. Therefore, a critical ques-081

tion remains unresolved: how can we effectively082

incorporate continuous dimensional affect repre-083

sentations into MABSC to capture both the nuanced084

intensity of emotions and the complementary infor-085

mation from visual and textual modalities?086

In this work, we propose VADE, a Va-087

lence–Arousal–Dominance (VAD)-Enhanced088

framework for MABSC that explicitly integrates089

continuous affect into aspect-level sentiment090

reasoning. To facilitate affect-aware visual091

representation learning, We first construct Senti-092

COCO, an affect-enriched image–text dataset093

derived from MSCOCO (Chen et al., 2015) by094

rewriting caption sets with a multimodal large095

language model, Qwen2.5-VL-7B (Bai et al.,096

2025). Specifically, we craft prompts that ask097

Qwen2.5-VL-7B to keep the visual content098

intact while rephrasing the captions to express099

stronger and more nuanced emotion, so that100

each image is paired with a caption that conveys101

richer affective signals. Built on this dataset, we102

develop an Affect-Aware CLIP visual encoder103

by fine-tuning CLIP on Senti-COCO so that the104

resulting image representations are more sensitive105

to affective cues. Together with an aspect-aware106

text encoder and a BERT-based VAD encoder for107

extracting Valence–Arousal–Dominance signals108

from text, these components form our full VADE109

framework for multimodal aspect-level sentiment110

classification.111

Our contributions are summarized as follows:112

• We propose VADE, a VAD-Enhanced113

MABSC framework that incorporates contin-114

uous Valence–Arousal–Dominance signals115

into aspect-level sentiment reasoning.116

• We design a VAD encoder to extract affect117

cues from text and integrate the resulting VAD118

features into the VADE model, complement- 119

ing the traditional discrete polarity patterns. 120

• We create Senti-COCO, an affect-enriched 121

image-text dataset by rewriting the MSCOCO 122

captions with Qwen2.5-VL-7B, and use it to 123

fine-tune a CLIP-based image encoder, yield- 124

ing emotion-sensitive visual representations 125

that better capture affective cues. 126

2 Related Work 127

2.1 Multimodal Aspect-based Sentiment 128

Classification (MABSC) 129

MABSC extends traditional aspect-based senti- 130

ment analysis by incorporating multiple modalities, 131

such as images, to enhance sentiment inference at 132

the aspect level. Early studies demonstrate that 133

visual information can provide complementary sen- 134

timent cues when textual expressions are implicit 135

or ambiguous, motivating the integration of visual 136

and textual signals for fine-grained sentiment un- 137

derstanding. 138

Prior MABSC research has mainly improved 139

aspect-level prediction by enhancing cross-modal 140

alignment and fusion while reducing modality 141

noise. Early target-aware models introduce target- 142

sensitive text representations and target–image 143

matching (Yu and Jiang, 2019), and subsequent 144

work develops richer interaction and fusion mech- 145

anisms (Yu et al., 2019; Zhang et al., 2021). To 146

better bridge the modality gap, several methods 147

adopt alignment/translation or structured reason- 148

ing designs, including coarse-to-fine image–target 149

matching (Yu et al., 2022b), hierarchical interac- 150

tion with reconstruction (Yu et al., 2022a), and 151

caption/graph-assisted grounding or filtration (Xiao 152

et al., 2023; Huang et al., 2023; Wang et al., 153

2023). More recently, vision–language pretrain- 154

ing has been explored to encode aspect/sentiment 155

signals (Ling et al., 2022; Zhou et al., 2023), with 156

additional efforts incorporating sentiment-aware 157

pretraining or affective region modeling (Ye et al., 158

2022; Jia et al., 2023). 159

2.2 Dimensional Sentiment Analysis 160

Dimensional Sentiment Analysis models affective 161

states in a continuous space rather than assigning 162

discrete sentiment labels. Early studies in psychol- 163

ogy represent emotions using low-dimensional con- 164

tinuous variables, such as Valence-Arousal (VA) 165

or Valence-Arousal-Dominance (VAD), which de- 166

scribe emotional polarity, intensity, and control, re- 167
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spectively. Among them, the circumplex model168

proposed by Russell characterizes emotions as169

points in a two-dimensional valence-arousal space,170

providing a principled foundation for continuous171

affect modeling.172

Building upon these theories, computational173

approaches have explored dimensional sentiment174

analysis primarily in text-based settings. Early175

methods rely on lexicon-based mappings or re-176

gression models to predict affective dimensions177

from linguistic features (Mohammad, 2018, 2025).178

Mohammad obtained reliable human ratings of va-179

lence, arousal, and dominance for over 20,000180

English words using Best-Worst Scaling, creat-181

ing the NRC VAD Lexicon. With the advent of182

deep learning, neural models employing recurrent183

or transformer-based architectures have been pro-184

posed to capture contextual cues and map text repre-185

sentations to continuous emotion scores (Park et al.,186

2021; Alahmadi et al., 2025). Such approaches187

demonstrate improved flexibility in modeling sub-188

tle emotional variations compared to discrete senti-189

ment classification.190

However, dimensional sentiment analysis re-191

mains largely absent in multimodal and fine-192

grained domains. Existing approaches predomi-193

nantly focus on holistic emotion prediction at the194

document or sentence level (Buechel and Hahn,195

2017; Yu et al., 2016), without explicitly modeling196

affective dimensions for specific aspects or enti-197

ties within the content. Similarly, while recent198

work has begun exploring dimensional representa-199

tions in aspect-based sentiment analysis (Lee et al.,200

2024), these approaches have primarily remained201

in the unimodal text domain, neglecting the rich202

semantic information available in accompanying203

images (Zhang et al., 2024).204

3 Method205

Task Definition. Multimodal Aspect-Based Sen-206

timent Classification (MABSC) aims to identify207

the sentiment polarity expressed toward a specific208

aspect by jointly exploiting textual and visual in-209

formation. Formally, each data instance is repre-210

sented as a triplet (I, T, a), where I denotes an211

associated image, T = {w1, . . . , wn} is a sen-212

tence, and a indicates the target aspect term. The213

objective of MABSC is to predict a sentiment la-214

bel y ∈ {positive, neutral, negative} that reflects215

the sentiment toward aspect a conditioned on both216

modalities, which can be formulated as: 217

y = argmax
c∈Y

p(c | I, T, a). (1) 218

Model Overview. As shown in Figure 2, our pro- 219

posed framework consists of (i) a feature extractor 220

that produces textual features, (ii) a VAD encoder 221

that maps an input sentence to a 3-dimensional 222

Valence–Arousal–Dominance vector, and (iii) an 223

Affect-Aware CLIP module that adapts the CLIP 224

image encoder using affect-enriched image–text 225

pairs constructed via an MLLM. For each instance, 226

we obtain the text representation t, image represen- 227

tation v, and VAD vector e. We concatenate these 228

features and use an MLP classifier to predict the 229

sentiment polarity. 230

3.1 VAD Encoder 231

To incorporate continuous affect, we train a VAD 232

encoder that maps a sentence to a 3-dimensional af- 233

fect vector e = [Val,Aro,Dom] ∈ R3. Although 234

the NRC-VAD lexicon provides word-level VAD 235

ratings, we train the model to predict sentence-level 236

VAD via weak labeling. 237

3.1.1 Weak Sentence-level VAD Targets from 238

NRC-VAD 239

Given an input sentence S = {w1, . . . , wm}, we 240

match tokens that appear in the NRC-VAD lexi- 241

con. Let M(S) be the set of matched tokens and 242

v(w) ∈ R3 be the lexicon VAD vector for token 243

w. We construct a pseudo sentence-level target by 244

averaging matched token scores: 245

e∗S =
1

|M(S)|
∑

w∈M(S)

v(w). (2) 246

3.1.2 Training and Inference 247

We use a BERT encoder (Devlin et al., 2019) fol- 248

lowed by a regression head g(·) to predict VAD: 249

hS = BERT(S), êS = g(hS) ∈ R3. (3) 250

The training objective is mean squared error: 251

LVAD = ∥êS − e∗S∥
2
2 . (4) 252

During MABSC inference, we feed the tweet sen- 253

tence (we use the same sequence X̃ for consis- 254

tency) into the VAD encoder to obtain: 255

e = fVAD(X̃) ∈ R3, (5) 256

which is then fused with t and v for polarity predic- 257

tion. 258
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[SEP]
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Figure 2: Overview of the proposed VADE framework. (a) Construction of Senti-COCO: for each MSCOCO
image, the original caption set is rewritten by Qwen2.5-VL-7B into an affect-enriched caption, followed by human
verification and filtering; the resulting 120K image–caption pairs are used to fine-tune CLIP with a contrastive
objective. (b) VADE for MABSC: the tweet sentence and aspect term are concatenated as T [SEP ]a and encoded by
a BART encoder to obtain textual features, while a VAD encoder predicts a continuous affect vector that modulates
the text representation; in parallel, the image is encoded by the affect-aware CLIP image encoder. The modulated
text feature and image feature are concatenated and fed into a sentiment classifier to predict the aspect-level polarity.

3.1.3 VAD-Conditioned Modulation of Text259

Representations260

Beyond concatenating VAD as an auxiliary fea-261

ture, we further inject affect into the textual stream262

via a VAD-conditioned feature modulation layer.263

Let H ∈ RB×L×dt denote the token-level hidden264

states output by the text encoder (BART) for a mini-265

batch of size B and sequence length L. Given the266

VAD vector e ∈ R3, we generate a sample-specific267

scaling vector and bias vector through two linear268

mappings:269

γ = Wγe+ bγ ∈ Rdt ,

β = Wβe+ bβ ∈ Rdt .
(6)270

We then apply a channel-wise affine transforma-271

tion (FiLM-style modulation) to all tokens:272

H̃b,l,: = γb ⊙Hb,l,: + βb (7)273

∀ b ∈ {1, . . . , B}, l ∈ {1, . . . , L}, (8) 274

where ⊙ denotes element-wise multiplication. Fi- 275

nally, we obtain a VAD-modulated sentence repre- 276

sentation by mean pooling over the sequence: 277

tvad =
1

L

L∑
l=1

H̃:,l,: ∈ RB×dt . (9) 278

This module enables the continuous VAD signal to 279

explicitly control the magnitude and bias of textual 280

feature channels, thereby producing affect-aware 281

text representations for downstream fusion and clas- 282

sification. 283

3.2 Affect-Aware CLIP 284

Standard CLIP features primarily emphasize gen- 285

eral semantic alignment between images and text. 286

To obtain affect-sensitive image representations, 287
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we fine-tune CLIP on an affect-enriched dataset288

constructed by rewriting captions to contain richer289

emotional expressions.290

3.2.1 Dataset Construction291

We start from MSCOCO, where each image is292

associated with multiple human-written captions.293

As shown in Figure 2(a), for each image I , we294

collect its caption set C = {C1, . . . , Cm} and295

input (I, C) into the multimodal large language296

model Qwen2.5-VL-7B. The model is prompted297

to produce an affect-enriched caption C̃ that (i)298

preserves the visual content described by C and299

(ii) is more emotionally expressive. We then con-300

duct a manual verification step to filter out low-301

quality generations (e.g., content drift or inconsis-302

tent descriptions), ensuring the rewritten captions303

remain faithful to the image content. This yields304

an affect-enriched training pair (I, C̃). Aggregat-305

ing over images, we construct a dataset of 120K306

affect-enriched image–text pairs, denoted as Senti-307

COCO.308

3.2.2 CLIP Fine-tuning Objective309

Let D̃ = {(Ii, Ti)}Ni=1 denote the constructed310

affect-enriched dataset, where Ti = C̃i is the affect-311

enriched caption rewritten for image Ii. We adapt312

CLIP by optimizing a bidirectional contrastive313

learning objective that pulls matched image–text314

pairs together while pushing mismatched pairs315

apart within each mini-batch.316

Encoders and normalized embeddings. CLIP317

consists of an image encoder fimg(·) (ViT-B/32)318

and a text encoder ftxt(·), followed by linear pro-319

jections into a shared 512-dimensional embedding320

space. For a mini-batch of size B, we compute321

ℓ2-normalized embeddings:322

vi =
Wimgfimg(Ii)

∥Wimgfimg(Ii)∥2
,

ui =
Wtxtftxt(Ti)

∥Wtxtftxt(Ti)∥2
,

(10)323

where vi,ui ∈ R512.324

Similarity with temperature. We compute the325

pairwise cosine similarities for all image–text pairs326

in the batch and scale them by a learnable tempera-327

ture τ > 0:328

Sij =
v⊤
i uj

τ
, i, j ∈ {1, . . . , B}. (11)329

Here, (Ii, Ti) is treated as the only positive pair for 330

image Ii (and text Ti), while {Tj}j ̸=i and {Ij}j ̸=i 331

serve as in-batch negatives. 332

Image-to-text and text-to-image contrastive 333

learning. We define a categorical distribution 334

over candidate texts given an image: 335

p(j | i) = exp(Sij)∑B
k=1 exp(Sik)

, (12) 336

and similarly a distribution over candidate images 337

given a text: 338

q(j | i) = exp(Sji)∑B
k=1 exp(Ski)

. (13) 339

The image-to-text loss encourages the matched cap- 340

tion Ti to be the most probable text for image Ii: 341

Li2t = − 1

B

B∑
i=1

log p(i | i)

= − 1

B

B∑
i=1

log
exp(Sii)∑B
j=1 exp(Sij)

.

(14) 342

The text-to-image loss is defined analogously: 343

Lt2i = − 1

B

B∑
i=1

log q(i | i)

= − 1

B

B∑
i=1

log
exp(Sii)∑B
j=1 exp(Sji)

.

(15) 344

Finally, we optimize the symmetric CLIP objective: 345

LCLIP =
1

2
(Li2t + Lt2i) , (16) 346

which enforces bidirectional alignment between 347

affect-enriched captions and their corresponding 348

images. In practice, we treat τ as a learnable scalar 349

updated jointly with the encoder and projection 350

parameters. 351

3.2.3 Fine-tuning Configuration 352

We perform full-parameter fine-tuning (vision en- 353

coder, text encoder, and projections; ∼ 150M train- 354

able parameters). We use AdamW with learn- 355

ing rate 1 × 10−6, weight decay 0.01, and β = 356

(0.9, 0.98), and apply gradient clipping with max 357

norm 1.0. The learning rate follows cosine anneal- 358

ing with 10% warmup and a minimum learning 359

rate of 1×10−7. We train for 10 epochs with FP16 360

mixed precision and an effective batch size of 128 361

(batch size 32 with 4-step gradient accumulation). 362
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Table 1: Statistics on two datasets of MABSC.

Label
Twitter-15 Twitter-17

Train Dev Test Train Dev Test

Positive 928 303 317 1508 515 493
Neutral 1883 670 607 1638 517 573
Negative 368 149 113 416 144 168

Total 3179 1122 1037 3562 1176 1234

4 Experiments363

4.1 Experimental Settings364

Datasets and Evaluation Metrics. We evalu-365

ate our approach on two widely used datasets for366

MABSC: Twitter-15 and Twitter-17, where each367

instance consists of an image-tweet pair and a set368

of aspect terms annotated in the tweet text. The369

statistics for these datasets are presented in Table370

1. Following the standard protocol in prior work,371

we use the official train/dev/test splits provided by372

the benchmarks. We report Accuracy (Acc) and373

Macro-F1 as evaluation metrics.374

Implementation Details. Our model contains375

three main components: an aspect-aware text en-376

coder, a VAD encoder, and a CLIP image encoder377

adapted by affect-enriched image–text pairs. For378

the textual input, we follow an aspect-conditioned379

formulation and construct the sequence by append-380

ing the aspect term to the tweet with a separator:381

X̃ = X [SEP] a, (17)382

which is fed into BART to obtain hidden states. In383

parallel, the VAD encoder takes the same sequence384

X̃ as input and outputs a 3-dimensional VAD vec-385

tor e ∈ R3.386

To inject affect into the textual stream, we imple-387

ment a VAD-conditioned modulation layer (FiLM-388

style): two linear mappings transform e into a per-389

sample scaling vector and bias vector, which are390

applied channel-wise to the text hidden states, fol-391

lowed by mean pooling to form the affect-aware392

text representation. We then concatenate the affect-393

aware text feature and the image feature, and feed394

the resulting representation into a lightweight MLP395

classifier for polarity prediction.396

We set the maximum input length to 128 and397

train the MABSC model for 20 epochs with a batch398

size of 16. We optimize the model using AdamW399

with learning rate 2× 10−5, warmup steps 0, and400

gradient clipping with max_grad_norm = 1.0. We 401

report the average performance over multiple ran- 402

dom seeds. All the models are trained and imple- 403

mented based on PyTorch with one NVIDIA RTX 404

A6000 GPU. 405

Compared Baselines. We compare VADE with 406

representative baselines under three settings: 407

image-only, text-only, and text+image multimodal 408

models. For image-only methods, we include Res- 409

Target (Yu and Jiang, 2019), which extracts visual 410

features for target-aware sentiment prediction. For 411

text-only methods, we consider MGAN (Fan et al., 412

2018) and BERT (Devlin et al., 2019), representing 413

strong pretrained language models. For text+image 414

baselines, we compare against a broad set of multi- 415

modal MABSC approaches, including MIMN (Xu 416

et al., 2019), TomBERT (Yu and Jiang, 2019), EF- 417

CapTrBERT (Khan and Fu, 2021), FITE (Yang 418

et al., 2022), ITM (Yu et al., 2022b), and VLP- 419

MABSA (Ling et al., 2022), which cover target- 420

aware fusion, caption-augmented modeling, and 421

task-specific vision–language pretraining. We fur- 422

ther include AMIFN (Yang et al., 2024), DPCI (Liu 423

et al., 2025), and TCMT (Zou et al., 2025) as re- 424

cent state-of-art methods, and compare large mul- 425

timodal or foundation-model baselines, including 426

DeepSeek-V3 (Liu et al., 2024a), LLaMA (Tou- 427

vron et al., 2023), and LLaVA-v1.5 (Liu et al., 428

2024b). For fair comparison, we follow the evalua- 429

tion protocol and data splits reported in prior work 430

and use the officially released implementations or 431

re-implement the models when necessary. 432

4.2 Main Results 433

Table 2 reports the performance comparison on 434

Twitter-15 and Twitter-17. VADE achieves the best 435

results on both benchmarks, reaching 81.87 Acc 436

/ 77.40 Macro-F1 on Twitter-15 and 77.45 Acc / 437

76.38 Macro-F1 on Twitter-17. Compared with 438

the strongest non-ours MABSC baseline, TCMT, 439

VADE yields consistent improvements: +0.47 Acc 440

/ +0.70 Macro-F1 on Twitter-15 and +0.15 Acc / 441

+0.58 Macro-F1 on Twitter-17. VADE also sur- 442

passes the recent DPCI model by a clear mar- 443

gin (+1.45 Acc / +1.01 Macro-F1 on Twitter-15; 444

+2.25 Acc / +1.65 Macro-F1 on Twitter-17). No- 445

tably, VADE improves over strong general-purpose 446

VL/LLM baselines (e.g., LLaMA and LLaVA- 447

v1.5), indicating that explicitly modeling continu- 448

ous affect and learning affect-sensitive visual rep- 449

resentations provides complementary benefits be- 450
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Models Twitter-15 Twitter-17

Acc Macro-F1 Acc Macro-F1

Image Only Res-Target (Yu and Jiang, 2019) 59.88 46.48 58.59 53.98

Text Only
MGAN (Fan et al., 2018) 71.17 64.21 64.75 61.46
BERT (Devlin et al., 2019) 74.15 68.86 68.15 65.23

Text and Image

MIMN (Xu et al., 2019) 71.84 65.69 65.88 62.99
TomBERT (Yu and Jiang, 2019) 77.15 71.75 70.34 68.03
EF-CapTrBERT (Khan and Fu, 2021) 78.01 73.25 69.77 68.42
FITE (Yang et al.., 2022) 78.49 73.90 70.90 68.70
ITM (Yu et al., 2022b) 78.27 74.19 72.61 71.97
VLP-MABSA (Ling et al., 2022) 78.60 73.80 73.80 71.80
AMIFN (Yang et al., 2024) 78.68 75.50 72.29 70.21
DPCI (Liu et al., 2025) 80.42 76.39 75.20 74.73
TCMT (Zou et al., 2025) 81.4 76.7 77.3 75.8
DeepSeek-V3† (Liu et al., 2024a) 62.49 62.28 63.29 61.83
LLaMA† (Touvron et al., 2023) 78.30 74.10 73.58 73.44
LLaVA-v1.5† (Liu et al., 2024b) 77.90 74.30 74.60 74.30

VADE (ours) 81.87 77.40 77.45 76.38

Table 2: Performance comparison on Twitter-2015 and Twitter-2017 datasets. † denotes the results from DPCI (Liu
et al., 2025).

yond generic multimodal semantics. Overall, these451

results validate the effectiveness of VADE for ro-452

bust aspect-level sentiment prediction in multi-453

modal tweets.454

4.3 Ablation Study455

To quantify the contribution of each component456

in VADE, we conduct ablation experiments on457

Twitter-15 and Twitter-17 (Table 3). Removing the458

VAD Encoder (w/o VAD Encoder) consistently de-459

grades performance, indicating that continuous af-460

fect cues provide complementary evidence beyond461

aspect-aware semantics and generic multimodal fu-462

sion. Replacing the proposed VAD-conditioned463

modulation with simple feature concatenation (w/o464

VAD modulation) further leads to a noticeable drop,465

suggesting that conditioning the textual represen-466

tation on affect (via sample-specific affine modu-467

lation) is more effective than treating VAD as an468

additional raw feature. Moreover, using the off-469

the-shelf CLIP image encoder without affect-aware470

adaptation (w/o Affect-Aware CLIP) reduces perfor-471

mance, demonstrating the importance of emotion-472

sensitive visual representations. Overall, the full473

VADE achieves the best results across both datasets,474

validating the effectiveness of jointly modeling475

VAD-based affect and affect-enhanced visual rep-476

resentations for MABSC.477

Variants
Twitter-15 Twitter-17

Acc Macro-F1 Acc Macro-F1

VADE (full) 81.87 77.40 77.45 76.38

w/o VAD Encoder 80.03 76.00 74.47 73.69
w/o VAD modulation 81.25 78.41 75.73 73.51
w/o Affect-Aware CLIP 80.89 77.15 74.68 73.45

Table 3: Ablation study on Twitter-15 and Twitter-17.
“Affect-Aware CLIP” denotes the CLIP image encoder
fine-tuned on Senti-COCO. “VAD modulation” denotes
the VAD-conditioned affine modulation applied to text
representations.

4.4 Case Study 478

Figure 3 presents qualitative comparisons between 479

VADE and two representative baselines (TomBERT 480

and VLP-MABSA) on three samples. In the first 481

sample, the tweet reports an injury-related news 482

event (“Kyrie Irving will miss the rest of NBA Fi- 483

nals with a fractured left kneecap”), where the gold 484

labels indicate negative sentiment toward Cavs but 485

neutral sentiment toward NBA Finals. TomBERT 486

incorrectly predicts Cavs as neutral, suggesting lim- 487

ited sensitivity to the affective implication of the 488

event, while VLP-MABSA correctly identifies the 489

negative polarity for Cavs but fails on NBA Finals. 490

In contrast, VADE correctly distinguishes the dif- 491

ferent sentiments associated with the two aspects, 492

reflecting improved affect-aware reasoning. 493

In the second sample, the tweet contains a 494
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Image

Text

Label

TomBERT

VLP-MABSA

VADE(ours)

RT @ SportsCenter : 

BREAKING : Cavs PG 

Kyrie Irving will miss 

rest of  NBA Finals with 

a fractured left kneecap .

Cavs, Neg

NBA Finals, Neu

Cavs, Neu 

NBA Finals, Neu

Cavs, Neg

NBA Finals, Neg

Cavs, Neg

NBA Finals, Neu

x
√

√

x

√

√

RT @ TSBible : 

Lionel Messi could 

nutmeg a Mermaid .

Lionel Messi, Pos

Mermaid, Neu

Lionel Messi, Pos

Mermaid, Neu

√

√

Lionel Messi, Neu

Mermaid, Neu

x
√

Lionel Messi, Pos

Mermaid, Neg

√

x

Another warm evening 

for baseball in Flushing . 

@ PIX11News

Flushing, Neu

Flushing, Neu

Flushing, Pos

Flushing, Neu √

x

√

Figure 3: Case study on multimodal aspect-based sentiment classification. We compare predictions from TomBERT
and VLP-MABSA with our VADE on three tweet–image examples. Each instance contains an image, tweet text, and
multiple aspect terms with gold polarities. VADE produces more accurate aspect-level predictions, especially when
sentiment is subtle, implicit, or requires affective interpretation beyond surface semantics. Correct and incorrect
predictions are marked with ✓ and ×, respectively.

metaphorical expression (“Lionel Messi could nut-495

meg a Mermaid”), where the gold annotations as-496

sign positive sentiment to Lionel Messi and neutral497

sentiment to Mermaid. TomBERT misclassifies498

Lionel Messi as neutral, and VLP-MABSA over-499

predicts negativity for Mermaid. VADE correctly500

predicts the polarity for both aspects, consistent501

with its ability to incorporate continuous affect cues502

into aspect-level inference.503

In the third sample, the tweet describes weather504

conditions for baseball (Another warm evening505

for baseball in Flushing”), with a neutral label506

for Flushing. While TomBERT yields the correct507

neutral prediction, VLP-MABSA predicts positive,508

likely influenced by the upbeat phrasing (warm509

evening”) that can correlate spuriously with pos-510

itive polarity. VADE remains neutral, suggesting511

that VAD-informed modeling helps avoid over-512

committing to discrete polarity cues when the over-513

all affect is mild or informational. Overall, these514

cases illustrate that VADE better captures implicit515

affect and reduces spurious polarity shifts, leading516

to more reliable aspect-level sentiment prediction517

in multimodal tweets.518

5 Conclusion 519

In this paper, we presented VADE, a VAD- 520

Enhanced framework for multimodal aspect-based 521

sentiment classification that explicitly incorporates 522

continuous affect cues into aspect-level multimodal 523

sentiment reasoning. VADE combines a BART text 524

encoder, a BERT-based VAD encoder trained with 525

weak supervision from the NRC-VAD lexicon, and 526

an affect-aware CLIP image encoder adapted on 527

Senti-COCO, a 120K affect-enriched image–text 528

dataset constructed by rewriting MSCOCO caption 529

sets with Qwen2.5-VL-7B. Moreover, we inject 530

VAD into the textual stream via a lightweight VAD- 531

conditioned modulation mechanism, enabling con- 532

tinuous affect to directly shape textual represen- 533

tations before fusion. Extensive experiments on 534

Twitter-15 and Twitter-17 demonstrate that VADE 535

achieves strong performance and that continuous 536

VAD signals, together with affect-sensitive visual 537

representations, provide complementary benefits 538

for MABSC. In future work, we plan to explore 539

finer-grained affect modeling (e.g., aspect-specific 540

affect estimation) and more general affect-aware 541

multimodal pretraining strategies beyond caption 542

rewriting. 543
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Limitations544

Although VADE demonstrates strong effectiveness545

for multimodal aspect-based sentiment classifica-546

tion, it has several limitations. First, our study547

focuses exclusively on MABSC and does not in-548

vestigate the other two closely related tasks in the549

MABSA family, namely multimodal aspect term550

extraction (MATE) and joint multimodal aspect-551

sentiment analysis (JMABSA). Extending VAD-552

Enhanced affect modeling to jointly handle as-553

pect discovery and sentiment prediction remains554

an important direction for future work. Second,555

our affect-aware visual adaptation relies on cap-556

tion rewriting to construct Senti-COCO; while this557

strategy is scalable, the rewritten captions may558

still introduce stylistic bias or occasional content559

drift, which could affect the learned affective align-560

ment. Third, our VAD encoder is trained with weak561

sentence-level targets aggregated from a word-level562

lexicon, which may be less accurate for composi-563

tional, ironic, or context-dependent affect.564

Acknowledgments565

References566

Khaled Alahmadi, Sultan Alharbi, Juan Chen, and Xi-567
anzhi Wang. 2025. Generalizing sentiment analysis:568
a review of progress, challenges, and emerging direc-569
tions. Social Network Analysis and Mining, 15(1):1–570
28.571

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-572
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie573
Wang, Jun Tang, and 1 others. 2025. Qwen2. 5-vl574
technical report. arXiv preprint arXiv:2502.13923.575

Sven Buechel and Udo Hahn. 2017. EmoBank: Study-576
ing the impact of annotation perspective and repre-577
sentation format on dimensional emotion analysis.578
In Proceedings of the 15th Conference of the Euro-579
pean Chapter of the Association for Computational580
Linguistics: Volume 2, Short Papers, pages 578–585,581
Valencia, Spain. Association for Computational Lin-582
guistics.583

Xinlei Chen, Hao Fang, Tsung-Yi Lin, Ramakr-584
ishna Vedantam, Saurabh Gupta, Piotr Dollár, and585
C Lawrence Zitnick. 2015. Microsoft coco captions:586
Data collection and evaluation server. arXiv preprint587
arXiv:1504.00325.588

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and589
Kristina Toutanova. 2019. Bert: Pre-training of deep590
bidirectional transformers for language understand-591
ing. In ACL-HLT 2019, pages 4171–4186.592

Feifan Fan, Yansong Feng, and Dongyan Zhao. 2018.593
Multi-grained attention network for aspect-level sen-594

timent classification. In Proceedings of the 2018 Con- 595
ference on Empirical Methods in Natural Language 596
Processing, pages 3433–3442, Brussels, Belgium. 597
Association for Computational Linguistics. 598

Soumitra Ghosh, Asif Ekbal, and Pushpak Bhat- 599
tacharyya. 2023. Vad-assisted multitask transformer 600
framework for emotion recognition and intensity pre- 601
diction on suicide notes. Information Processing 602
Management, 60(2):103234. 603

Yufeng Huang, Zhuo Chen, Jiaoyan Chen, Jeff Z Pan, 604
Zhen Yao, and Wen Zhang. 2023. Target-oriented 605
sentiment classification with sequential cross-modal 606
semantic graph. In International Conference on Arti- 607
ficial Neural Networks, pages 587–599. Springer. 608

Li Jia, Tinghua Ma, Huan Rong, and Najla Al-Nabhan. 609
2023. Affective region recognition and fusion net- 610
work for target-level multimodal sentiment classifi- 611
cation. IEEE Transactions on Emerging Topics in 612
Computing. 613

Zaid Khan and Yun Fu. 2021. Exploiting bert for mul- 614
timodal target sentiment classification through input 615
space translation. In ACM Multimedia 2021, pages 616
3034–3042. 617

Lung-Hao Lee, Liang-Chih Yu, Suge Wang, and Jian 618
Liao. 2024. Overview of the SIGHAN 2024 shared 619
task for Chinese dimensional aspect-based sentiment 620
analysis. In Proceedings of the 10th SIGHAN Work- 621
shop on Chinese Language Processing (SIGHAN-10), 622
pages 165–174, Bangkok, Thailand. Association for 623
Computational Linguistics. 624

Yan Ling, Jianfei Yu, and Rui Xia. 2022. Vision- 625
language pre-training for multimodal aspect-based 626
sentiment analysis. In ACL 2022, pages 2149–2159. 627

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, 628
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi 629
Deng, Chenyu Zhang, Chong Ruan, and 1 others. 630
2024a. Deepseek-v3 technical report. arXiv preprint 631
arXiv:2412.19437. 632

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae 633
Lee. 2024b. Improved baselines with visual instruc- 634
tion tuning. In Proceedings of the IEEE/CVF con- 635
ference on computer vision and pattern recognition, 636
pages 26296–26306. 637

Rui Liu, Jiahao Cao, Jiaqian Ren, Xu Bai, and Yanan 638
Cao. 2025. Dual-path counterfactual integration for 639
multimodal aspect-based sentiment classification. In 640
Proceedings of the 2025 Conference on Empirical 641
Methods in Natural Language Processing, pages 642
22759–22769. 643

Saif Mohammad. 2018. Obtaining reliable human rat- 644
ings of valence, arousal, and dominance for 20,000 645
English words. In Proceedings of the 56th Annual 646
Meeting of the Association for Computational Lin- 647
guistics (Volume 1: Long Papers), pages 174–184, 648
Melbourne, Australia. Association for Computational 649
Linguistics. 650

9

https://aclanthology.org/E17-2092/
https://aclanthology.org/E17-2092/
https://aclanthology.org/E17-2092/
https://aclanthology.org/E17-2092/
https://aclanthology.org/E17-2092/
https://doi.org/10.18653/v1/D18-1380
https://doi.org/10.18653/v1/D18-1380
https://doi.org/10.18653/v1/D18-1380
https://doi.org/10.1016/j.ipm.2022.103234
https://doi.org/10.1016/j.ipm.2022.103234
https://doi.org/10.1016/j.ipm.2022.103234
https://doi.org/10.1016/j.ipm.2022.103234
https://doi.org/10.1016/j.ipm.2022.103234
https://aclanthology.org/2024.sighan-1.19/
https://aclanthology.org/2024.sighan-1.19/
https://aclanthology.org/2024.sighan-1.19/
https://aclanthology.org/2024.sighan-1.19/
https://aclanthology.org/2024.sighan-1.19/
https://doi.org/10.18653/v1/P18-1017
https://doi.org/10.18653/v1/P18-1017
https://doi.org/10.18653/v1/P18-1017
https://doi.org/10.18653/v1/P18-1017
https://doi.org/10.18653/v1/P18-1017


Saif M Mohammad. 2025. Nrc vad lexicon v2: Norms651
for valence, arousal, and dominance for over 55k652
english terms. arXiv e-prints, pages arXiv–2503.653

Sungjoon Park, Jiseon Kim, Seonghyeon Ye, Jaeyeol654
Jeon, Hee Young Park, and Alice Oh. 2021. Dimen-655
sional emotion detection from categorical emotion.656
In Proceedings of the 2021 conference on empiri-657
cal methods in natural language processing, pages658
4367–4380.659

James A Russell. 1980. A circumplex model of af-660
fect. Journal of personality and social psychology,661
39(6):1161.662

James A Russell. 2003. Core affect and the psycholog-663
ical construction of emotion. Psychological review,664
110(1):145.665

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier666
Martinet, Marie-Anne Lachaux, Timothée Lacroix,667
Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal668
Azhar, and 1 others. 2023. Llama: Open and effi-669
cient foundation language models. arXiv preprint670
arXiv:2302.13971.671

Qianlong Wang, Hongling Xu, Zhiyuan Wen, Bin Liang,672
Min Yang, Bing Qin, and Ruifeng Xu. 2023. Image-673
to-text conversion and aspect-oriented filtration for674
multimodal aspect-based sentiment analysis. IEEE675
Transactions on Affective Computing.676

Luwei Xiao, Xingjiao Wu, Shuwen Yang, Junjie Xu, Jie677
Zhou, and Liang He. 2023. Cross-modal fine-grained678
alignment and fusion network for multimodal aspect-679
based sentiment analysis. Information Processing &680
Management, 60(6):103508.681

Nan Xu, Wenji Mao, and Guandan Chen. 2019. Multi-682
interactive memory network for aspect based multi-683
modal sentiment analysis. In AAAI 2019, volume 33,684
pages 371–378.685

Hao Yang, Yanyan Zhao, and Bing Qin. 2022. Face-686
sensitive image-to-emotional-text cross-modal trans-687
lation for multimodal aspect-based sentiment analy-688
sis. In EMNLP 2022, pages 3324–3335.689

Juan Yang, Mengya Xu, Yali Xiao, and Xu Du. 2024.690
Amifn: Aspect-guided multi-view interactions and691
fusion network for multimodal aspect-based senti-692
ment analysis. Neurocomputing, 573:127222.693

Junjie Ye, Jie Zhou, Junfeng Tian, Rui Wang, Jingyi694
Zhou, Tao Gui, Qi Zhang, and Xuanjing Huang. 2022.695
Sentiment-aware multimodal pre-training for multi-696
modal sentiment analysis. Knowledge-Based Sys-697
tems, 258:110021.698

Jianfei Yu, Kai Chen, and Rui Xia. 2022a. Hierarchical699
interactive multimodal transformer for aspect-based700
multimodal sentiment analysis. IEEE Transactions701
on Affective Computing.702

Jianfei Yu and Jing Jiang. 2019. Adapting bert for703
target-oriented multimodal sentiment classification.704
IJCAI.705

Jianfei Yu, Jing Jiang, and Rui Xia. 2019. Entity- 706
sensitive attention and fusion network for entity-level 707
multimodal sentiment classification. IEEE/ACM 708
Transactions on Audio, Speech, and Language Pro- 709
cessing, 28:429–439. 710

Jianfei Yu, Jieming Wang, Rui Xia, and Junjie Li. 2022b. 711
Targeted multimodal sentiment classification based 712
on coarse-to-fine grained image-target matching. In 713
IJCAI 2022, pages 4482–4488. 714

Liang-Chih Yu, Lung-Hao Lee, Shuai Hao, Jin Wang, 715
Yunchao He, Jun Hu, K. Robert Lai, and Xuejie 716
Zhang. 2016. Building Chinese affective resources 717
in valence-arousal dimensions. In Proceedings of the 718
2016 Conference of the North American Chapter of 719
the Association for Computational Linguistics: Hu- 720
man Language Technologies, pages 540–545, San 721
Diego, California. Association for Computational 722
Linguistics. 723

Yice Zhang, Hongling Xu, Delong Zhang, and Ruifeng 724
Xu. 2024. A hybrid approach to dimensional aspect- 725
based sentiment analysis using bert and large lan- 726
guage models. Electronics, 13(18). 727

Zhe Zhang, Zhu Wang, Xiaona Li, Nannan Liu, Bin 728
Guo, and Zhiwen Yu. 2021. Modalnet: an aspect- 729
level sentiment classification model by exploring mul- 730
timodal data with fusion discriminant attentional net- 731
work. World Wide Web, 24:1957–1974. 732

Tianyu Zhao, Ling-ang Meng, and Dawei Song. 2024. 733
Multimodal aspect-based sentiment analysis: A sur- 734
vey of tasks, methods, challenges and future direc- 735
tions. Information Fusion, 112:102552. 736

Ru Zhou, Wenya Guo, Xumeng Liu, Shenglong Yu, 737
Ying Zhang, and Xiaojie Yuan. 2023. AoM: De- 738
tecting aspect-oriented information for multimodal 739
aspect-based sentiment analysis. In ACL 2023 Find- 740
ings, pages 8184–8196. 741

Senbin Zhu, Hanjie Zhao, Xingren Wang, Shanhong Liu, 742
Yuxiang Jia, and Hongying Zan. 2024. ZZU-NLP at 743
SIGHAN-2024 dimABSA task: Aspect-based senti- 744
ment analysis with coarse-to-fine in-context learning. 745
In Proceedings of the 10th SIGHAN Workshop on 746
Chinese Language Processing (SIGHAN-10), pages 747
112–120, Bangkok, Thailand. Association for Com- 748
putational Linguistics. 749

Wang Zou, Xia Sun, Wenhuan Wu, Qiang Lu, Xiaodi 750
Zhao, Qirong Bo, and Jianqiang Yan. 2025. Tcmt: 751
Target-oriented cross modal transformer for multi- 752
modal aspect-based sentiment analysis. Expert Sys- 753
tems with Applications, 264:125818. 754

A Example Appendix 755

This is an appendix. 756

10

https://doi.org/10.18653/v1/N16-1066
https://doi.org/10.18653/v1/N16-1066
https://doi.org/10.18653/v1/N16-1066
https://doi.org/10.3390/electronics13183724
https://doi.org/10.3390/electronics13183724
https://doi.org/10.3390/electronics13183724
https://doi.org/10.3390/electronics13183724
https://doi.org/10.3390/electronics13183724
https://aclanthology.org/2024.sighan-1.13/
https://aclanthology.org/2024.sighan-1.13/
https://aclanthology.org/2024.sighan-1.13/
https://aclanthology.org/2024.sighan-1.13/
https://aclanthology.org/2024.sighan-1.13/
https://doi.org/10.1016/j.eswa.2024.125818
https://doi.org/10.1016/j.eswa.2024.125818
https://doi.org/10.1016/j.eswa.2024.125818
https://doi.org/10.1016/j.eswa.2024.125818
https://doi.org/10.1016/j.eswa.2024.125818

	Introduction
	Related Work
	Multimodal Aspect-based Sentiment Classification (MABSC)
	Dimensional Sentiment Analysis

	Method
	VAD Encoder
	Weak Sentence-level VAD Targets from NRC-VAD
	Training and Inference
	VAD-Conditioned Modulation of Text Representations

	Affect-Aware CLIP
	Dataset Construction
	CLIP Fine-tuning Objective
	Fine-tuning Configuration


	Experiments
	Experimental Settings
	Main Results
	Ablation Study
	Case Study

	Conclusion
	Example Appendix

