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Abstract001

Multimodal sentiment analysis aims to infer002
affective states from image–text pairs in social003
media. Most existing approaches rely on single-004
step fusion or static representations, treating005
affective cues as fixed and non-progressive rep-006
resentations. Meanwhile, prompt-based meth-007
ods typically initialize prompts with sentiment-008
irrelevant text or random vectors, or inject aux-009
iliary semantics in a one-step manner, failing010
to explicitly guide semantic evolution. To ad-011
dress these limitations, we propose a semantic-012
guided progressive framework with stage-wise013
prompt interaction (SPRO), which organizes014
multimodal supervision along a cognitively in-015
spired trajectory from Tone to Emotion. Specif-016
ically, emotion understanding is decomposed017
into three successive stages—Tone, Content,018
and Emotion—corresponding to perceptual019
appraisal, semantic grounding, and affective020
reasoning. At each stage, LLM-generated021
structured captions provide explicit semantic022
guidance, while learnable multimodal prompts023
serve as a shared affective interface to progres-024
sively align visual and textual representations025
within a unified semantic space. Furthermore, a026
dual-path contrastive alignment strategy jointly027
optimizes image–category and text–category028
consistency, reinforcing cross-modal consis-029
tency. Experiments demonstrate that SPRO030
achieves superior accuracy and interpretability031
over state-of-the-art methods. The source code032
is publicly available.033

1 Introduction034

With the explosive growth of user-generated mul-035

timodal content on social media platforms, multi-036

modal sentiment analysis (MSA) has become an037

important task for understanding affective mean-038

ing from paired text–image posts (Cheema et al.,039

2021a). Unlike textual sentiment, which is often040

conveyed explicitly through linguistic expressions,041

visual affect is typically implicit and semantically042

indirect, emerging from perceptual cues such as043

(c) Ours semantic-guided progressive framework with stage-wise prompt interaction.
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Figure 1: Comparison of multimodal affect modeling
paradigms. (a) One-step auxiliary semantic injection
without explicit semantic evolution. (b) Multi-stage
prompting refines sentiment reasoning within the lan-
guage branch but remains text-centric. (c) Our frame-
work organizes multimodal supervision in a stage-wise
manner from Tone to Content and Emotion via prompt
interaction.

objects, color composition, lighting, and scene 044

context. This intrinsic asymmetry creates a pro- 045

nounced semantic gap between modalities, making 046

effective sentiment inference dependent on how 047

low-level visual cues are progressively grounded 048

into higher-level affective semantics. Early fusion- 049

based approaches (Wang et al., 2014; Yu et al., 050

2020) seek to mitigate the semantic gap by directly 051

fusing modality-specific features in a single step, 052

but their reliance on static representations limits 053

their ability to capture implicit visual affect and its 054

interaction with textual sentiment. 055

More recent studies have introduced prompt 056

learning as a mechanism for injecting auxiliary 057

cues into multimodal representations. Early ap- 058

proaches relied on handcrafted templates or ran- 059

domized prompt vectors to guide affective predic- 060

tion (Zhang et al., 2023), while subsequent work 061

incorporated auxiliary visual cues—such as color 062

attributes (An and Wan Zainon, 2023), salient ob- 063

ject regions (Yu et al., 2023), and model-generated 064
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descriptions or background knowledge (Wang et al.,065

2024)—to inject affective signals into fusion-based066

models, as illustrated in Fig. 1(a). Despite their ef-067

fectiveness, these methods typically treat prompts068

as static, single-level signals, injecting semantic in-069

formation in a one-step manner without explicitly070

modeling how affective semantics should evolve071

from perceptual cues to higher-level emotional in-072

terpretations.073

In parallel, multi-stage prompting strategies have074

been explored on the text side to enable more075

structured sentiment reasoning. As shown in076

Fig. 1(b), these methods refine textual representa-077

tions through layered reasoning processes and cap-078

ture richer linguistic semantics (Zhou et al., 2024;079

Yang et al., 2023b). However, such approaches re-080

main predominantly text-centric and rely heavily081

on explicit emotional expressions; when textual082

sentiment cues are weak or implicit, which is com-083

mon in social media, affective reasoning cannot084

be reliably grounded in visual semantics, leaving085

cross-modal affect construction insufficiently mod-086

eled.087

These limitations suggest that effective multi-088

modal sentiment understanding requires more than089

static fusion or isolated reasoning, but a semantic-090

guided modeling of how affective meaning is pro-091

gressively constructed. From psychological and092

neuroscientific perspectives, emotional understand-093

ing is often described as a progressive process094

rather than instantaneous recognition. Prior work095

suggests that affective meaning emerges through096

interactions between perceptual signals and higher-097

level semantic interpretations (Scherer et al., 2001;098

Zhang et al., 2014; Zhu et al., 2015; Sabatinelli099

et al., 2013), motivating the modeling of sentiment100

learning as a structured and progressive process101

that unfolds across different levels of abstraction.102

Motivated by these cognitive insights and the103

aforementioned limitations of existing methods,104

we propose a semantic-guided progressive frame-105

work with stage-wise prompt interaction (SPRO)106

for multimodal sentiment analysis, as illustrated107

in Fig. 1(c). The framework structures visual108

affect learning into three cognitively meaningful109

stages and integrates these stages with modality-110

shared prompts and a contrastive alignment ob-111

jective. Shared prompt templates enable text and112

vision to communicate through a common latent113

space, while LLM-generated structured captions114

guide the progressive transition from perceptual115

cues to semantic and affective representations. A116

dual-path alignment component further organizes 117

the learned representations by jointly optimizing 118

image-category and text-category coherence. To- 119

gether, these elements form an integrated system 120

that operationalizes the progressive nature of hu- 121

man affect perception. The main contributions of 122

this study are summarized as follows: 123

• We propose a semantic-guided multimodal 124

prompt interaction mechanism that enables 125

bidirectional exchange of affective cues be- 126

tween text and vision through shared and pro- 127

jected prompt tokens. 128

• Inspired by cognitive theories of emotion for- 129

mation, we design a three-stage framework 130

(Tone → Content → Emotion) that explicitly 131

models progressive semantic abstraction for 132

visual affect construction. 133

• A dual-path contrastive alignment strategy is 134

designed to unify visual, textual, and categori- 135

cal affect representations, achieving state-of- 136

the-art performance on multiple social media 137

sentiment benchmarks. 138

2 Related Work 139

2.1 Multimodal Sentiment Analysis 140

Multimodal sentiment analysis (MSA) aims to 141

jointly exploit textual and visual information to 142

enhance affective understanding in social media 143

content. For example, Wang et al. (2014) com- 144

bined image and text features for Weibo senti- 145

ment prediction, while Yu and Jiang (2019) intro- 146

duced transformer-based architectures to capture 147

sentiment-relevant visual cues. Subsequent work 148

injected auxiliary visual signals such as color at- 149

tributes (An and Wan Zainon, 2023), salient object 150

regions (Yu et al., 2023), and external knowledge 151

or image descriptions (Wang et al., 2024). More 152

recent approaches, such as MAMSA (Wang et al., 153

2025), further explored hierarchical attention mech- 154

anisms to balance modality contributions. 155

Despite steady progress, most existing MSA 156

methods still rely on single-step fusion or static 157

attention, treating affective cues as fixed represen- 158

tations. Such designs overlook the progressive and 159

constructive nature of emotion perception, where 160

affective meaning emerges through gradual seman- 161

tic abstraction from low-level perceptual impres- 162

sions to higher-level emotional reasoning. 163
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2.2 Vision-Language Models for MSA164

Vision-language pre-trained (VLP) models, such as165

CLIP (Radford et al., 2021), provide strong cross-166

modal alignment through large-scale contrastive167

learning and have become popular backbones for168

affective computing. In multimodal sentiment anal-169

ysis, CLIP is typically employed as a static dual170

encoder, whose image and text embeddings are fed171

into downstream fusion or attention modules. Rep-172

resentative works include CTMWA (Zhang et al.,173

2024) and MAMSA (Wang et al., 2025), which174

build task-specific architectures on top of CLIP fea-175

tures to enhance multimodal sentiment prediction.176

Other approaches similarly adopt CLIP as a visual177

backbone while relying on lightweight heads or178

auxiliary objectives for adaptation (Lv et al., 2025).179

While effective, these methods largely treat180

CLIP as a feature extractor and do not explicitly181

adapt its intrinsic cross-modal alignment for affec-182

tive consistency. Consequently, emotion represen-183

tations are typically obtained in a one-shot manner,184

leaving the hierarchical and progressive construc-185

tion of visual affect under-explored.186

2.3 Prompt Learning for MSA187

Prompt learning has emerged as an efficient alterna-188

tive to full fine-tuning for adapting vision-language189

models to downstream multimodal tasks. By insert-190

ing learnable textual or visual tokens, prompt-based191

methods steer pretrained representations toward192

task-relevant semantics with minimal parameter193

updates. In MSA, prior work has explored map-194

ping object labels or captions into prompts (Wang195

et al., 2022), applying prompt tuning for few-shot196

sentiment prediction (Yu et al., 2022), and incorpo-197

rating topic guidance or LLM-generated affective198

knowledge through prompts (Liu et al., 2024; Li199

et al., 2023).200

Despite these advances, existing prompt-based201

MSA methods typically rely on static prompts op-202

timized in isolation or within a single stage. Cross-203

modal coordination among prompts and the pro-204

gressive refinement of affective cues are largely205

absent. As a result, emotion is often treated as206

a one-step injection rather than a gradually con-207

structed representation, motivating our semantic-208

guided progressive prompt interaction framework.209

3 Method210

The overall architecture is illustrated in Fig. 2. We211

propose a semantic-guided progressive framework212

with stage-wise prompt interaction (SPRO). SPRO 213

formulates emotion understanding as a progressive 214

visual–semantic construction process, in which af- 215

fective meaning is gradually abstracted from low- 216

level perceptual cues to high-level emotional rea- 217

soning. To this end, SPRO integrates prompt- 218

mediated cross-modal interaction with structured 219

semantic supervision, enabling text and vision to 220

communicate through a shared affective space. On 221

top of this representation space, a dual-path con- 222

trastive objective aligns image, text, and sentiment 223

category prototypes to enforce cross-modal affec- 224

tive consistency. 225

3.1 Prompt-Based Cross-Modal 226

Representation Learning 227

SPRO employs a prompt-mediated mechanism to 228

construct a unified affective semantic space across 229

post texts, visual features, and sentiment category 230

prototypes. Learnable prompts serve as shared con- 231

ditioning vectors that inject affective priors into 232

both the text encoder ET and the visual encoder 233

EV , enabling heterogeneous sentiment expressions 234

to be aligned within a common embedding space. 235

Unlike static prompt tuning, these prompts are ex- 236

plicitly shared across text, image, and sentiment 237

prototypes, serving as a unified interface for cross- 238

modal affect alignment. 239

Affective anchors from class templates. For 240

each sentiment class cls, we define a textual 241

template tempcls (e.g., “a sentiment of [posi- 242

tive/neutral/negative]”). A set of b learnable prompt 243

tokens [θ1, . . . , θb] ∈ Rb×dt is prepended to the 244

template and encoded by the text encoder ET to 245

obtain the class-level affective anchor, denoted as 246

Z t
Acls

: 247

Z t
Acls

= ET ([ tempcls ; θ1, . . . , θb]), (1) 248

where [ ; ] denotes sequence concatenation. This 249

embedding serves as the class-level affective proto- 250

type, while instance-level text embeddings Z t

x
(i)
text

251

and image embeddings Z v

x
(i)
img

produced by the cor- 252

responding encoders are aligned to these prototypes 253

through prompt conditioning and contrastive objec- 254

tives. 255

Prompt-based text–anchor interaction. To 256

capture implicit and ambiguous sentiment cues 257

in social media posts, we encode post text x(i)text 258

and class templates using two textual pathways, 259

denoted as E′
T and ET , respectively. The two path- 260

ways share identical architectures and parameters, 261
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Figure 2: Overall architecture of the proposed SPRO framework. SPRO formulates multimodal sentiment analysis
as a semantic-guided stage-wise learning process, where prompt-mediated cross-modal interaction constructs a
shared affective space, structured captions provide stage-wise supervision (Tone, Content, and Emotion), and a
dual-path contrastive objective enforces affective consistency across images, texts, and sentiment categories.

differing only in their roles for encoding instance-262

level texts and class-level templates. Both path-263

ways are augmented with the same set of learnable264

prompt tokens. The resulting post-text representa-265

tion is computed as266

Z t

x
(i)
text

= E′
T ([x

(i)
text ; θ1, . . . , θb]), (2)267

allowing post-level semantics to be directly aligned268

with affective anchors through shared prompts.269

Cross-modal prompt projection. To extend270

affective prompting into the visual modality, each271

textual prompt token is projected into the visual fea-272

ture space via a vision–language coupling function273

F(·):274

θ̃j = F(θj), j = 1, . . . , b. (3)275

This produces a set of b visual prompt tokens276

[θ̃1, . . . , θ̃b] ∈ Rb×dv . Given an image x
(i)
img, these277

visual prompts are prepended to the image patch278

embeddings and processed by the visual encoder:279

Z v

x
(i)
img

= EV ([x
(i)
img ; θ̃1, . . . , θ̃b ]), (4)280

enabling affective priors derived from text to guide 281

visual feature extraction. 282

Hierarchical prompting. Input-level prompt 283

tokens act as global shallow prompts that propa- 284

gate through all Transformer layers, providing con- 285

sistent affective conditioning. In addition, SPRO 286

introduces layer-specific deep prompts 287

Q(l) ∈ Rb×dl , l = 1, . . . , D − 1, (5) 288

which explicitly modulate intermediate representa- 289

tions: 290

H(l+1) = TrBlock(l)
(
[Q(l) ; H(l) ]

)
. (6) 291

Together, shared shallow prompts and layer-wise 292

deep prompts form a hierarchical prompting mech- 293

anism that progressively injects affective priors 294

throughout the encoding process, resulting in a 295

unified cross-modal affective representation space. 296

Shallow prompts provide global affective condi- 297

tioning, while deep prompts modulate intermediate 298

representations to enable more expressive cross- 299

modal adaptation. 300
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3.2 Stage-Wise Visual-Semantic Learning301

Built upon the prompt-mediated affective represen-302

tation space, SPRO formulates emotion understand-303

ing as a progressive visual–semantic construction304

process. Inspired by cognitive theories of emotion305

perception, visual affect learning is decomposed306

into three stages: Tone, Content, and Emotion, cor-307

responding to perceptual impressions, semantic308

recognition, and affective attribution.309

For each image–text pair (x(i)text, x
(i)
img), we con-310

struct a three-level caption set311

C
(i)
k ∈ C(i) = {C(i)

1 , C
(i)
2 , C

(i)
3 }, (7)312

where each caption level corresponds to a spe-313

cific abstraction stage, yielding a structured in-314

stance (x
(i)
text, x

(i)
img, C

(i)
1 , C

(i)
2 , C

(i)
3 ). Here, C(i)

k315

provides stage-specific descriptions correspond-316

ing to Tone, Content, and Emotion, generated us-317

ing an instruction-guided LLM with stage-specific318

prompts.319

To enable progressive refinement during training,320

we introduce a linear ramp scheduling mechanism.321

Let e denote the current training epoch and Tramp322

the ramp duration. The activation factor βk for323

stage k is defined as324

βk = wk ·min

(
1, max

(
0,

e− sk + 1

Tramp

))
, (8)325

where sk denotes the starting epoch at which the su-326

pervision of stage k is activated, and s1 < s2 < s3327

enforces the progressive order from Tone to Con-328

tent and Emotion.329

For each caption level, we compute a caption330

alignment loss331

L(k)
cap = − log

exp(sim(Z v

x
(i)
img

,Z t

C
(i)
k

)/τ)∑
C′ exp(sim(Z v

x
(i)
img

,Z t
C′)/τ)

.

(9)332

The overall progressive caption objective is then333

defined as334

Lcap =
3∑

k=1

βk L(k)
cap. (10)335

3.3 Dual-Path Contrastive Alignment336

After obtaining sentiment-aware representations337

from textual and visual modalities, we introduce338

a dual-path contrastive alignment strategy to unify339

emotional understanding across images, texts, and340

class-level affective prototypes. This design en- 341

forces that multimodal representations are orga- 342

nized within a shared affective semantic space. 343

Specifically, two symmetric contrastive paths 344

are defined: (i) image–prototype alignment and (ii) 345

text–prototype alignment. For an image x
(i)
img with 346

visual representation Z v

x
(i)
img

and its corresponding 347

affective prototype Z t
Acls

, the image–prototype con- 348

trastive loss is formulated as 349

LAV = − log

exp(sim(Z v

x
(i)
img

,Z t
Acls

)/τ)∑
cls′ exp(sim(Z v

x
(i)
img

,Z t
Acls′

)/τ)
.

(11) 350

Similarly, for the post-text representation Z t

x
(i)
text

, 351

the text–prototype alignment loss is defined as 352

LAT = − log
exp(sim(Z t

x
(i)
text

,Z t
Acls

)/τ)∑
cls′ exp(sim(Z t

x
(i)
text

,Z t
Acls′

)/τ)
.

(12) 353

These two contrastive objectives jointly encour- 354

age both visual and textual representations to 355

converge toward the correct affective prototype, 356

thereby promoting cross-modal semantic consis- 357

tency. 358

The final training objective integrates dual-path 359

contrastive alignment with progressive caption su- 360

pervision: 361

Ltotal = λAV LAV +λAT LAT +λcap Lcap, (13) 362

where λAV , λAT , and λcap control the relative 363

contributions of image–prototype alignment, text– 364

prototype alignment, and stage-wise caption super- 365

vision, respectively. 366

4 Experiments 367

4.1 Datasets and Implementation Details 368

We evaluate our framework on two Twitter-based 369

multimodal sentiment datasets, MVSA-Single and 370

MVSA-Multiple (Niu et al., 2016), where each 371

sample is an image–text pair labeled as positive, 372

neutral, or negative. We follow the preprocess- 373

ing and data splits of Li et al. (Li et al., 2022) 374

(80%:10%:10% for train:val:test) and report Accu- 375

racy (ACC) and Weighted-F1 (F1). Dataset statis- 376

tics are shown in Table 1. 377

Models are trained using AdamW with cosine 378

learning-rate decay. We use dataset-specific batch 379

sizes and training epochs. Unless specified other- 380

wise, we set λcap = 0.25, Tramp = 15, temperature 381

τ = 0.07, and the prompt length b = 16. 382
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Table 1: Statistics of the MVSA datasets.

Dataset Label Train Val Test Total

MVSA-
Single

Positive 2147 268 268 2683
Neutral 376 47 47 470

Negative 1088 135 135 1358
All 3611 450 450 4511

MVSA-
Multiple

Positive 9056 1131 1131 11318
Neutral 3528 440 440 4408

Negative 1040 129 129 1298
All 13624 1700 1700 17024

4.2 Main Results383

Table 2 reports the performance of unimodal384

and multimodal baselines on MVSA-Single and385

MVSA-Multiple. Text-only models consistently386

outperform image-only models, reflecting that sen-387

timent in social media posts is often expressed ex-388

plicitly in text, while visual affect is more implicit389

and challenging to model. This observation high-390

lights the modality imbalance commonly observed391

in multimodal sentiment analysis.392

Multimodal approaches achieve clear improve-393

ments over unimodal baselines, demonstrating the394

benefit of cross-modal integration. However, most395

existing methods rely on single-step or static fu-396

sion strategies, which limits their ability to capture397

affective cues at different levels of abstraction.398

Our proposed SPRO achieves the best overall399

performance on both datasets. Compared with the400

strongest baselines, SPRO yields consistent gains401

in both Accuracy and Weighted-F1, indicating that402

explicitly modeling emotion construction as a pro-403

gressive process and strengthening visual represen-404

tations through guided cross-modal interaction are405

effective for multimodal sentiment understanding.406

4.3 Ablation Studies407

We analyze the contribution of each component in408

SPRO through ablation studies on MVSA-Single409

and MVSA-Multiple. Results are reported in Ta-410

ble 3. Removing caption-based supervision leads411

to clear performance degradation, indicating that412

structured image descriptions provide effective413

guidance for bridging perceptual and affective rep-414

resentations. Replacing the three-stage progressive415

supervision with a single-stage variant also results416

in noticeable drops, confirming that modeling emo-417

tion construction as a hierarchical and progressive418

process is more effective than one-step supervision.419

We further observe that removing visual-side420

prompts causes a substantial decline, especially 421

on MVSA-Single, highlighting the importance of 422

guiding the visual pathway with affective priors. 423

Similarly, removing text-side prompts degrades per- 424

formance, demonstrating that bidirectional prompt 425

interaction is essential for coherent cross-modal 426

alignment. Overall, the full three-stage progressive 427

model achieves the best performance. 428
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Figure 3: Parameter sensitivity analysis of the ramp-up
duration Tramp on the MVSA datasets.

Sensitivity Analysis. We first examine the ramp- 429

up duration Tramp, which controls the progressive 430

activation of the three-stage supervision. As shown 431

in Fig. 3, performance initially improves as Tramp 432

increases and then declines when the ramp dura- 433

tion becomes too large. Optimal performance is 434

achieved around Tramp=15, indicating a balanced 435

trade-off between early training stability and late- 436

stage semantic guidance. 437

Figure 4: Prompt length sensitivity analysis on MVSA-
Single.

We also evaluate the effect of prompt length b. 438

Fig. 4 shows that moderate prompt length yields the 439

best performance, while excessively long prompts 440

lead to performance degradation. This suggests 441

that concise yet expressive prompt contexts are 442

sufficient for effective multimodal affect alignment. 443

4.4 Visualization Analysis 444

Representation-Level Visualization. To illustrate 445

how SPRO constructs a coherent affective space, 446
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Table 2: Comparison with unimodal and multimodal baselines on MVSA-Single and MVSA-Multiple. The strongest
baseline results are underlined, and improvements of SPRO over the strongest baseline are shown in parentheses.

Modality Model MVSA-Single MVSA-Multiple

ACC F1 Accuracy F1

Text
CNN (Kim, 2014) 68.19 55.90 65.64 57.66
BiLSTM (Wang and Yang, 2020) 70.12 65.06 67.90 67.90
BERT (Devlin et al., 2019) 71.11 69.70 67.59 66.24

Image
ResNet-50 (He et al., 2016) 64.67 61.55 61.88 60.98
ViT (Dosovitskiy et al., 2021) 63.78 62.26 61.94 61.19

Multimodal

CLIP (Radford et al., 2021) 72.20 71.40 69.10 63.40
MultiSentiNet (Xu and Mao, 2017) 69.84 69.63 68.16 68.11
Se-MLNN (Cheema et al., 2021b) 75.33 73.76 66.35 61.89
CLMLF (Li et al., 2022) 75.33 73.46 72.00 69.83
M2CL (Yang et al., 2023a) 75.50 74.20 73.20 70.50
SHSL (Han et al., 2024) 75.72 75.20 71.20 70.39
CTMWA (Zhang et al., 2024) 75.91 75.74 74.02 73.84
DRF (Wu et al., 2024) 74.50 74.40 71.00 68.20
SCDR (Xia et al., 2025) 66.60 – 67.76 –
MAMSA (Wang et al., 2025) 77.61 76.84 – –
CoDe (Wu et al., 2026) 76.98 76.47 72.74 70.71

SPRO (ours) 79.20 (+1.59) 78.43 (+1.96) 76.44 (+2.42) 79.61 (+5.77)

Table 3: Ablation study on the MVSA datasets. All numbers in parentheses denote changes relative to the w/o
Caption Supervision baseline.

Model Variant MVSA-Single MVSA-Multiple

ACC F1 ACC F1

w/o Caption Supervision(baseline) 74.78 73.47 73.56 70.24
Single-Stage Caption 76.77 (+1.99) 76.12 (+2.65) 74.08 (+0.52) 73.95 (+3.71)

w/o Visual Prompts 72.79 (-1.99) 70.60 (-2.87) 71.62 (-1.94) 73.78 (+3.54)

w/o Text Prompts 75.00 (+0.22) 74.11 (+0.64) 72.21 (-1.35) 76.58 (+6.34)

Three-Stage Progressive 79.20 (+4.42) 78.43 (+4.96) 76.44 (+2.88) 79.61 (+9.37)

we visualize the learned sentiment representations447

on MVSA-Single using t-SNE (Fig. 5).448

Figure 5: t-SNE visualization of sentiment represen-
tations on MVSA-Single. Compared to the unimodal
streams, our dual-stream fusion achieves clearer and
more compact sentiment clustering.

Compared with unimodal text-only and image-449

only representations, the proposed dual-path align-450

ment produces more compact and better separated451

sentiment clusters. While text representations ex-452

hibit clearer polarity boundaries, image representa-453

tions are relatively more diffuse due to implicit vi- 454

sual affect; jointly aligning both modalities toward 455

shared affective anchors yields more discriminative 456

multimodal sentiment representations. 457

Progressive Visual Attention. Fig. 6 visual- 458

izes the attention maps across the three progressive 459

stages and the final aggregation. At Stage-1, the 460

model mainly attends to global tonal regions, while 461

Stage-2 shifts focus toward sentiment-relevant ob- 462

jects and scene elements, indicating enhanced se- 463

mantic grounding. At Stage-3, attention further 464

concentrates on fine-grained emotional cues such 465

as facial expressions or localized visual details. The 466

final attention aggregates evidence from all stages, 467

resulting in more stable and discriminative patterns. 468

Overall, these visualizations show that SPRO 469

7



Stage-1(Tone) Stage-2(Content) Stage-3(Emotion) Final (Full-Stage) AttentionImage(a)

Stage-1(Tone) Stage-2(Content) Stage-3(Emotion) Final (Full-Stage) AttentionImage(b)

Stage-1(Tone) Stage-2(Content) Stage-3(Emotion) Final (Full-Stage) AttentionImage(c)

Figure 6: Visualization of progressive visual attention across three stages. Stage-1 attends to tonal regions; Stage-2
focuses on semantic content; Stage-3 captures fine-grained emotional cues; the final attention aggregates all stages.

progressively refines visual affective evidence from470

coarse perceptual cues to higher-level affective rep-471

resentations, rather than relying on a single-shot472

fusion process.473

4.5 Case Studies474

Fig. 7 shows representative examples illustrating475

the effect of progressive caption supervision. Cases476

(a) and (b) demonstrate semantic enhancement,477

where caption guidance compensates for mislead-478

ing or missing textual cues by introducing visual479

semantics. Cases (c) and (d) illustrate conflict ad-480

justment, where the proposed three-stage frame-481

work progressively reconciles conflicting textual482

and visual signals. These examples indicate that483

SPRO enables more robust multimodal sentiment484

inference beyond single-step fusion.485

5 Conclusion486

We propose SPRO, a cognitively inspired and487

semantic-guided framework that models multi-488

modal sentiment learning as a progressive construc-489

tion process from low-level tonal cues to high-level490

semantic and affective representations. By lever-491

aging LLM-generated stage-wise captions as ex-492

plicit semantic guidance, together with shared mul-493

timodal prompts and dual-path contrastive align-494

ment, SPRO effectively integrates visual and tex-495

tual affective information within a unified affective496

semantic space. Experiments on MVSA-Single and497

MVSA-Multiple demonstrate consistent improve-498

w/o Caption:

w/ Single-stage:

w/ Three-stage:

Ground Truth :

Dahyun is so caring she doesnt 
deserve the hate please leave 
my cute bunny alone

(a)

(Positive       ) 

(Negative )

(Positive )

(Positive )

w/o Caption:

w/ Single-stage:

w/ Three-stage:

Ground Truth :

Miss

(b)

(Positive       ) 

(Negative )

(Positive )

(Positive       ) 

w/o Caption:

w/ Single-stage:

w/ Three-stage:

Ground Truth :

This Cure for Entrepreneur 
Loneliness Also Solve... 

(c)

(Negative )

(Positive  )

(Negative )

(Negative        )

w/o Caption:

w/ Single-stage:

w/ Three-stage:

Ground Truth :

@witchwithheart:@demon_he
art_spnHappy#WinchesterWed
nesday crazy Babe?? ??? 

(d)

(Positive        ) 

(Negative )

(Positive )

(Positive )

Figure 7: Qualitative case analysis on MVSA dataset.
Subfigures (a) and (b) demonstrate semantic enhance-
ment, where progressive captions compensate for im-
plicit or missing textual cues. Subfigures (c) and (d) il-
lustrate conflict adjustment, where the proposed three-
stage supervision reconciles opposing textual and visual
polarities to achieve coherent sentiment prediction.

ments over strong baselines, validating both the 499

effectiveness and interpretability of the proposed 500

semantic-guided progressive learning paradigm. 501
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Limitations502

Our work has several potential limitations. While503

the proposed stage-wise prompted learning frame-504

work demonstrates improved performance on multi-505

modal sentiment analysis benchmarks, its effective-506

ness relies on the quality of the stage-wise caption507

supervision and prompt design. The generaliza-508

tion of this framework to other domains or more509

complex affective settings requires further investi-510

gation. In addition, the current study focuses on511

static image–text pairs, and extending the approach512

to additional modalities or dynamic scenarios re-513

mains an open direction for future work.514

Ethical Considerations515

This work studies multimodal sentiment analysis516

on publicly available social media datasets. The517

proposed framework does not introduce new data518

collection or annotation procedures and does not519

involve human subjects. While the use of automati-520

cally generated captions may reflect biases present521

in the underlying language models or datasets, this522

work does not make claims beyond the analyzed523

benchmarks.524
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