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Abstract001

Generating emotionally aligned language re-002
mains a key challenge for large language mod-003
els. We present DualCap, a multimodal frame-004
work that formulates affective understand-005
ing as a generation task rather than discrete006
classification. DualCap performs dual-space007
reasoning by integrating surface-level multi-008
modal cues with psychologically grounded Va-009
lence–Arousal–Dominance (VAD) representa-010
tions embedded in hyperbolic space. To en-011
sure emotional and linguistic coherence, we012
introduce a multi-model feedback mechanism013
where multiple LLMs collaboratively evaluate014
and refine captions through aggregated affec-015
tive and dimensional feedback, analogous to016
affect-oriented reinforcement learning from hu-017
man feedback (Affective-RLHF). Experiments018
on DFEW and MAFW show that DualCap019
achieves strong recognition performance while020
substantially improving the expressiveness, in-021
terpretability, and emotional fidelity of gen-022
erated language, demonstrating the value of023
combining cognitive emotion modeling with024
feedback-driven generation for emotionally in-025
telligent LLMs.026

1 Introduction027

Understanding and generating emotionally aligned028

language is fundamental to affect-aware hu-029

man–computer interaction (HCI) systems (Cheng030

et al., 2017a,b). In real-world settings, emotional031

expression is inherently multimodal—combining032

visual (Li et al., 2024b; Le Ngwe et al., 2024; Wang033

et al., 2020), acoustic (Fan et al., 2021; Hsu et al.,034

2021; Kondratenko et al., 2022), and linguistic cues035

(Devlin et al., 2019; Lei et al., 2023; Hung and036

Alias, 2023). Integrating such heterogeneous sig-037

nals enables applications in social robotics (Chen038

et al., 2019; Heredia et al., 2022; Chen et al., 2021),039

mental health (Cao and Wan, 2020; Hutchison and040

Gerstein, 2017), education (Imani and Montazer,041

2019), and driver safety.042

The challenge lies in fusing asynchronous and 043

sometimes conflicting cues (Wang et al., 2023b; 044

Han et al., 2024; Uddin et al., 2022). Conventional 045

models predict discrete categories (Verma et al., 046

2020; Zhang et al., 2021; Jia et al., 2021), which 047

overlook emotion intensity, co-occurrence, and dy- 048

namics. Human affect is typically continuous and 049

mixed, making single-label classification insuffi- 050

cient. 051

Recent work shifts from fixed labels to natural 052

language descriptions. SECap (Xu et al., 2024) 053

projects speech emotion features into LLaMA rep- 054

resentations via a Q-Former, but mainly exploits 055

acoustic cues. Similar models (Yang et al., 2023; 056

Zhang et al., 2023a) underuse visual and dimen- 057

sional affective signals essential for holistic reason- 058

ing. 059

Multimodal large language models (MLLMs) 060

(Zhao et al.; Cheng et al., 2024) enable joint rea- 061

soning over images, speech, and text. However, 062

most depend on shallow feature fusion, limiting in- 063

terpretability and introducing emotional bias. Cap- 064

turing subtle, evolving affective states demands 065

deeper psychological grounding. 066

Temporal architectures such as MMA-DFER 067

(Chumachenko et al., 2024) enhance dynamic emo- 068

tion analysis on DFEW (Jiang et al., 2020) and 069

MAFW (Liu et al., 2022a), yet remain tied to 070

observable cues (e.g., facial motion, vocal pitch) 071

rather than intrinsic affect representations. 072

We address these limitations with a dimen- 073

sionally informed framework that unifies emotion 074

recognition and language generation. Using contin- 075

uous Valence–Arousal–Dominance (VAD) repre- 076

sentations (Zhao et al., 2022; Sahu, 2019; Ye et al., 077

2023), DualCap embeds psychological principles 078

into deep multimodal learning for interpretable, 079

cognitively consistent affective modeling. 080

DualCap performs dual-space reason- 081

ing—integrating surface-level multimodal 082

cues with hyperbolic VAD embeddings—and 083
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refines generated captions via multi-model feed-084

back, where several LLMs collaboratively evaluate085

and improve affective alignment, analogous to086

affect-oriented RLHF.087

Our contributions are:088

• Affective Language Generation: Reformu-089

lates multimodal emotion understanding as090

caption generation, integrating visual, acous-091

tic, and psychological (VAD) features for092

holistic affect expression.093

• Dimensional Affective Space: Constructs a094

structured VAD manifold using hyperbolic ge-095

ometry to model hierarchical affect relations096

and ensure interpretability.097

• Multi-Model Feedback: Introduces098

VAD-Guided Feedback (VGF), Model-099

Aggregated Evaluation Feedback (MAEF),100

and Dimension-Augmented MAEF (DAMAF)101

to refine emotional and linguistic coherence102

through LLM-based evaluation.103

Experiments on DFEW and MAFW validate Du-104

alCap’s effectiveness in both recognition and cap-105

tioning, enhancing expressiveness, interpretabil-106

ity, and emotional fidelity through psychologically107

grounded, feedback-driven affective modeling.108

2 Related Work109

Our work is positioned at the intersection of video110

understanding, affective computing, and language111

generation. We review the most directly related112

lines of research.113

Emotion-Aware Captioning. Recent efforts114

have shifted from discrete emotion classification115

to generating natural language descriptions of af-116

fective states. SECap (Xu et al., 2024) generates117

captions for speech emotion by projecting acous-118

tic features into an LLM via a Q-Former, but it119

remains primarily unimodal (audio-only). Simi-120

larly, EmoSet (Yang et al., 2023) and SpeechGPT121

(Zhang et al., 2023a) generate emotional text from122

speech but lack structured modeling of affect di-123

mensions and visual grounding. In contrast, our124

framework is inherently multimodal, integrates125

continuous dimensional affect (VAD) representa-126

tions, and performs dual-space reasoning over both127

surface-level cues and a psychologically grounded128

hyperbolic manifold.129

Multimodal Affective LLMs. Several models130

adapt large language models for emotion-aware131

multimodal understanding. Emotion-LLaMA132

(Cheng et al., 2024) employs multimodal fusion133

and instruction tuning for emotion recognition and 134

reasoning. R1-Omni (Zhao et al.) is a general- 135

purpose MLLM that can be applied to affective 136

tasks. However, these models typically fuse mul- 137

timodal features at a shallow level and lack an ex- 138

plicit, structured representation of the emotional 139

space. They treat emotion as a classification or QA 140

task rather than a caption generation problem with 141

dimensional consistency. Our work explicitly mod- 142

els the continuous Valence-Arousal-Dominance 143

(VAD) space using hyperbolic geometry, which 144

provides a structured, interpretable prior for affec- 145

tive reasoning and caption generation. 146

Temporal Models for Dynamic Emotion. Rec- 147

ognizing emotions in video requires modeling tem- 148

poral dynamics. MMA-DFER (Chumachenko 149

et al., 2024) employs efficient spatio-temporal mod- 150

eling for dynamic facial expression recognition 151

on datasets like DFEW (Jiang et al., 2020) and 152

MAFW (Liu et al., 2022a). While effective for 153

classification, such models are not designed for 154

language generation and do not incorporate dimen- 155

sional affect representations or iterative feedback 156

mechanisms. Our framework includes a tempo- 157

ral Transformer for multimodal sequence model- 158

ing and uses the resulting features to predict both 159

discrete labels and continuous VAD trajectories, 160

which subsequently inform the generation process. 161

Feedback-Driven Refinement. The use of 162

feedback to refine model outputs is inspired by 163

Reinforcement Learning from Human Feedback 164

(RLHF). Our multi-model feedback mechanism 165

(MAEF, DAMAF) is analogous to Affective-RLHF, 166

where multiple LLM judges provide aggregated 167

feedback on the emotional and linguistic quality of 168

captions. This differs from prior work like SECap 169

or general MLLMs, which generate captions in a 170

single forward pass without an iterative refinement 171

loop guided by explicit affective metrics. 172

In summary, DualCap distinguishes itself by: 173

(1) formulating video emotion understanding as 174

a caption generation task with dual-space (sur- 175

face+VAD) reasoning, (2) embedding affect in 176

a structured hyperbolic VAD manifold for inter- 177

pretability, and (3) employing a multi-model feed- 178

back mechanism to iteratively improve emotional 179

and linguistic coherence, which is absent in prior 180

affective captioning or MLLM approaches. 181
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3 Methodology182

DualCap integrates multi-modal perception with183

psychologically grounded affective reasoning to184

generate emotionally aligned video captions. The185

framework consists of four key components: multi-186

modal feature extraction, hyperbolic VAD map-187

ping, dual-space emotional description, and multi-188

model feedback refinement.189

3.1 Multi-modal Feature Extraction and190

Temporal Modeling191

Given video sequences V and audio signals A,192

we extract spatio-temporal embeddings using pre-193

trained encoders and a temporal Transformer:194

Xv = ViT(V) ∈ RTv×Dv , (1)195

Xa = AudioMAE(A) ∈ RTa×Da , (2)196

Hv = Projv(Xv) ∈ RT×D, (3)197

Ha = Proja(Xa) ∈ RT×D, (4)198

Xfused = TempTr
(

Concat
(
Hv,Ha

))
∈ RD′

,

(5)199

where Xfused serves as the joint representation200

for subsequent affective mapping. Detailed input201

preprocessing, feature dimensions, and network202

parameters are provided in Appendix A.5.203

3.2 Hyperbolic Emotion Manifold and VAD204

Mapping205

To achieve psychologically meaningful affect rep-206

resentation, DualCap embeds emotion distributions207

into a hyperbolic manifold rather than a Euclidean208

vector space. This design captures the hierarchical209

and continuous nature of emotions—where oppos-210

ing emotions (e.g., happy vs. sad) occupy distant211

regions, while related emotions (e.g., happy vs. sur-212

prised) remain closer in curvature-controlled space.213

Emotion Anchors and Curvature. Let E =214

[e1, . . . , eK ]⊤ ∈ RK×3 denote the emotion215

anchor matrix, where each ek is initialized216

from affective psychology priors in the Va-217

lence–Arousal–Dominance (VAD) space and opti-218

mized during training. These anchors lie on the219

Poincaré ball B3 = {v ∈ R3 : κ∥v∥2 < 1},220

governed by the learnable curvature parameter221

κ > 0; larger κ sharpens emotional hierarchy,222

while smaller κ yields flatter manifolds.223

Hyperbolic Centroid Optimization. Given the 224

predicted discrete emotion probabilities p = 225

[p1, . . . , pK ], the goal is to find the continuous 226

hyperbolic centroid c∗ minimizing the weighted 227

Poincaré distance: 228

c∗ = arg min
z∈B3

K∑
k=1

pk dH(z, ek)
2, (6) 229

where the Poincaré distance between any two 230

points v1,v2 ∈ B3 is defined as: 231

dH(v1,v2) =
2√
κ
arcosh(ξ(v1,v2)) , (7) 232

ξ(v1,v2) = 1 +
2κ∥v1 − v2∥2

(1− κ∥v1∥2)(1− κ∥v2∥2)
.

(8) 233

Iterative Fréchet Mean Computation. The cen- 234

troid c∗ is computed iteratively by alternating be- 235

tween the tangent and manifold spaces: 236

v(t) =

K∑
k=1

pk Logc(t)(ek), (9) 237

c(t+1) = Expc(t)(v
(t)), (10) 238

where Log and Exp denote logarithmic and expo- 239

nential maps, enabling smooth traversal between 240

the manifold and its tangent space TcB3. 241

Logarithmic Map. Given a reference point c 242

and another point ek in B3, we first compute the 243

Möbius difference: 244

uk = −c⊕ ek, rk = ∥uk∥, (11) 245

and then obtain the tangent-space projection: 246

Logc(ek) =
2√
κλc

arctanh(
√
κ rk)

uk

rk
, (12) 247

where λc = 2
1−κ∥c∥2 is the conformal factor that 248

rescales local geometry. 249

Exponential Map. The exponential map reverses 250

the process by projecting a tangent vector v ∈ 251

TcB3 back onto the manifold: 252

Expc(v) = c⊕
(
tanh

(√
κλc∥v∥
2

)
v√
κ∥v∥

)
.

(13) 253
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Figure 1: The overall architecture of our proposed multi-modal time series model.

Möbius Addition. The core operation ⊕ general-254

izes Euclidean vector addition to hyperbolic space:255

v1 ⊕ v2 =
N(v1,v2)

D(v1,v2)
, (14)256

N(v1,v2) = α(v1,v2)v1 + β(v1,v2)v2, (15)257

α(v1,v2) = 1 + 2κ⟨v1,v2⟩+ κ∥v2∥2, (16)258

β(v1,v2) = 1− κ∥v1∥2, (17)259

D(v1,v2) = 1 + 2κ⟨v1,v2⟩+ κ2∥v1∥2∥v2∥2.
(18)

260

This operation preserves hyperbolic geometry261

by ensuring that the resultant point also lies within262

the Poincaré ball, maintaining curvature-consistent263

vector composition.264

Intensity-Scaled VAD Projection. After obtain-265

ing the centroid c∗, we apply nonlinear radial scal-266

ing to incorporate emotion intensity s ∈ [0, 1]:267

r = ∥c∗∥, u =
c∗

r
, (19)268

rscaled = tanh(sα atanh(r)), (20)269

vhyper = rscaled u, (21)270

where α is a learnable scaling factor controlling271

the degree of intensity modulation. This pro-272

jection yields the final hyperbolic VAD vector273

vhyper, which encodes both emotional category and274

strength, serving as the continuous affect represen-275

tation for subsequent language generation.276

Training Objectives. To stabilize the manifold277

structure, an orthogonality loss encourages uniform278

anchor dispersion:279

Lortho = ∥E⊤E− I∥F , (22)280

and the total loss combines classification, regres- 281

sion, and geometric constraints: 282

Ltotal = αLcls + βLvad + λLortho. (23) 283

Together, these terms enable the model to learn a 284

geometrically consistent and psychologically inter- 285

pretable affective space. 286

3.3 Dual-Space Emotional Description 287

Generation 288

Using vhyper, DualCap computes emotion proba- 289

bilities relative to all anchors: 290

P (Ei|vhyper) =
1/(1 + dH(vhyper, ei))∑
j 1/(1 + dH(vhyper, ej))

.

(24) 291

These probabilities, combined with multi-modal 292

embeddings, inform caption generation: 293

EmotionDescription = G(C(I),F(I),Ac(I),H),
(25) 294

where G denotes the generative LLM, C(I) out- 295

puts categorical and VAD features, F(I) and Ac(I) 296

provide visual and acoustic cues, and H performs 297

hyperbolic analysis. 298

3.4 Multi-Model Feedback Mechanisms 299

To ensure affective and linguistic coherence, we 300

employ three complementary strategies: 301

VAD-Guided Feedback (VGF) Performs single- 302

step refinement by comparing generated caption 303

VAD vest with predicted vhyper and applying cor- 304

rective guidance. 305

Model-Aggregated Evaluation Feedback 306

(MAEF) Aggregates affective scores from 307
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multiple LLM judges:308

S(t)
agg =

∑
j

wjs
(t)
j , wj =

Accj∑
k Acck

. (26)309

The iterative process continues until convergence310

|S(t)
agg − S(t−1)

agg | < ϵ, stabilizing multi-agent con-311

sensus.312

Dimension-Augmented MAEF (DAMAF) Ex-313

tends MAEF by enforcing alignment between314

caption-derived VAD v
(t)
caption and vhyper:315

J (t) = βS(t)
agg + (1− β)C(t), β = 0.7. (27)316

This ensures joint optimization of semantic and317

dimensional fidelity, converging in 2–3 iterations318

in practice.319

3.5 Training and Curriculum Learning320

DualCap employs a three-stage curriculum to bal-321

ance discrete classification, continuous VAD re-322

gression, and geometric consistency:323

Ltotal = αLcls+βLvad+γLgeo+λLortho. (28)324

Loss weights are adjusted progressively across325

stages (see Appendix A.6).326

This design allows the model to evolve from327

coarse categorical understanding to fine-grained,328

psychologically grounded affective reasoning329

while iteratively refining caption quality via multi-330

agent feedback.331

4 Experiments332

4.1 Experimental Setup333

4.1.1 Datasets334

We evaluate DualCap on two widely used multi-335

modal emotion benchmarks: DFEW (Jiang et al.,336

2020) and MAFW (Liu et al., 2022a). Both datasets337

contain spontaneous, in-the-wild emotional expres-338

sions, providing realistic conditions for affective339

understanding. DFEW includes 16,372 video clips340

annotated with seven basic emotions, while MAFW341

comprises 10,045 videos spanning eleven com-342

pound emotional categories.343

4.1.2 Evaluation Metrics344

Model performance is assessed at two complemen-345

tary levels: (1) discrete emotion classification ac-346

curacy and (2) affective caption generation quality.347

For classification, we report Unweighted Average348

Recall (UAR) and Weighted Average Recall (WAR)349

on both datasets. For captioning, evaluation com- 350

bines traditional NLP metrics (BLEU, ROUGE-L, 351

METEOR), large language model (LLM)-based 352

affective scoring, and human judgments to jointly 353

assess linguistic quality and emotional fidelity. All 354

results are averaged over multiple runs and reported 355

as mean ± standard deviation for statistical robust- 356

ness. Further implementation details, preprocess- 357

ing steps, and training configurations are provided 358

in Appendix A.3. 359

4.2 Large Language Model Evaluation 360

Table 1 summarizes the results of DualCap and 361

competing models on DFEW and MAFW. Several 362

consistent trends emerge. 363

Emotion captioning quality. DualCap signif- 364

icantly outperforms existing methods, especially 365

unimodal systems such as SECap, confirming the 366

benefit of fusing visual and acoustic cues for af- 367

fective disambiguation and richer emotional narra- 368

tives. 369

Stepwise ablation. The ablation hierarchy re- 370

veals the contribution of each component: (1) Base- 371

line+Euclidean employs curriculum learning in a 372

Euclidean affective space as a geometric baseline. 373

(2) DualCap introduces a hyperbolic VAD man- 374

ifold with three-stage curriculum learning, yield- 375

ing consistent improvements (e.g., DFEW Score: 376

2.77→3.28), demonstrating that hyperbolic geom- 377

etry captures hierarchical affect relations more ef- 378

fectively. (3) MAEF adds model-aggregated score 379

feedback from multiple LLMs, producing a large 380

jump in caption quality (3.28→4.17) and enhanc- 381

ing emotional expressiveness. (4) DAMAF com- 382

bines score aggregation with concise VAD-based 383

reports, achieving the best overall performance 384

(4.38/3.91), showing that explicit dimensional guid- 385

ance complements score feedback and yields both 386

fluency and emotional alignment. 387

Curriculum learning effect. Comparing the 388

“No Curriculum” and “DualCap” variants shows 389

that progressive supervision across discrete and 390

continuous objectives stabilizes optimization and 391

improves recognition accuracy. 392

Overall comparison. The full DAMAF variant 393

achieves the highest composite scores across bench- 394

marks, demonstrating strong generalization to com- 395

plex affective scenes. While Emotion-LLaMA ex- 396

cels in recognition accuracy, its weaker caption 397

quality exposes a gap between emotion understand- 398

ing and expressive generation—precisely the gap 399

DualCap bridges through dual-space reasoning and 400
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Table 1: Comparison of UAR, WAR, and emotion captioning scores on DFEW and MAFW datasets.

Method DFEW MAFW Mode
UAR WAR Score UAR WAR Score

EmoViT (Xie et al., 2024) 17.21 34.42 – – – – V
LLaVA-v1.5 17.66 35.33 – – – – VT
InstructBLIP 13.31 26.61 – – – – VT
Qwen-VL-Chat 15.48 30.97 – – – – VT
DeepSeek-VL 18.75 37.51 – – – – VT
GPT-4V 36.96 55.00 – – – – VT
Qwen2-VL 31.93 63.86 – – – – VT
HumanOmni-0.5B 19.44 22.64 – 13.52 20.18 – VT
EMER-SFT 35.31 38.66 – 28.02 38.39 – AVT
MAFW-DFEW-SFT 44.39 60.23 – 30.39 50.44 – VT
SECap – – 1.8720 – – 1.7029 A
R1-Omni 56.27 65.83 2.7076 40.04 57.68 2.0134 VT
Emotion-LLaMA 64.21 77.06 2.5777 – – 1.9304 AVT
MMA-DFER 66.85 77.43 – 44.25 58.45 – AV
Baseline 66.19 ± 1.32 76.69 ± 1.74 – 43.70 ± 6.28 57.27 ± 6.33 – AV
Baseline+Multimodal – – 2.3201 – – 1.4545 AV
Ours (No Curriculum) 66.14 ± 1.48 77.11 ± 1.81 – 43.31 ± 4.63 56.34 ± 5.34 – AV
Baseline+Euclidean 66.28 ± 1.53 77.29 ± 1.93 2.7743 43.68 ± 5.38 57.01 ± 5.83 2.1952 AV
Ours (DualCap) 66.23 ± 1.33 77.32 ± 1.67 3.2783 43.84 ± 4.92 57.14 ± 5.70 2.3499 AV
Ours (MAEF) – – 4.1730 – – 3.8881 AV
Ours (DAMAF) – – 4.3800 – – 3.9084 AV

multi-model affective feedback.401

4.3 Traditional Metric Analysis402

Table 2 presents traditional NLP-based evaluation403

metrics, offering a complementary view to the404

LLM-based affective scores. Across all metrics405

and datasets, DualCap and its variants consistently406

outperform prior methods, confirming the frame-407

work’s effectiveness in enhancing both linguistic408

fluency and emotional expressiveness.409

Stepwise ablation. A clear performance pro-410

gression appears across the hierarchy: (1) Base-411

line+Euclidean applies curriculum learning in Eu-412

clidean space as a geometric baseline. (2) DualCap413

introduces a hyperbolic VAD manifold with joint414

discrete–continuous optimization, yielding steady415

gains (e.g., ROUGE-L: 0.1453→0.1696), evidenc-416

ing finer affective hierarchy modeling. (3) VGF417

adds single-step VAD-guided feedback, improv-418

ing semantic metrics and Emo-BERTScore by en-419

hancing dimensional affect alignment. (4) MAEF420

leverages multi-LLM score aggregation, producing421

larger jumps in ROUGE-L and METEOR, indi-422

cating better global coherence and stylistic rich-423

ness. (5) DAMAF, combining score aggregation424

and VAD reports, achieves the best overall results,425

showing that explicit dimensional cues comple-426

ment linguistic feedback to ensure both affective427

grounding and fluency.428

Metric interpretation. BLEU-4 shows lim-429

ited lexical change, whereas ROUGE-L and ME- 430

TEOR—reflecting semantic consistency—improve 431

markedly, indicating that DualCap emphasizes con- 432

textual and emotional coherence rather than sur- 433

face overlap. The steady rise in Emo-BERTScore 434

(0.3727→0.4443 on DFEW; 0.3772→0.7283 on 435

MAFW) further confirms enhanced alignment with 436

human affect perception. 437

Generalization. Gains are more pronounced on 438

the diverse MAFW dataset, demonstrating that Du- 439

alCap’s dual-space reasoning and feedback mecha- 440

nisms generalize effectively to complex, compound 441

emotions while maintaining semantic and emo- 442

tional fidelity. 443

4.4 Simulated Human Evaluation 444

To validate whether these quantitative improve- 445

ments align with human perception, we conduct a 446

simulated human evaluation following ACL report- 447

ing standards. 448

Evaluation Protocol. Thirty video samples 449

(15 from DFEW, 15 from MAFW) were ran- 450

domly selected. Three simulated human raters 451

scored each generated caption on a 1–5 Likert 452

scale under three dimensions: (i) Emotional Ac- 453

curacy—correctness of emotional interpretation; 454

(ii) Fluency—grammaticality and naturalness of 455

expression; and (iii) Emotion–Language Align- 456

ment—semantic coherence between emotion and 457

linguistic tone. Scores were averaged across raters 458
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Table 2: Comparison of traditional NLP-based evaluation metrics for emotion captioning on DFEW and MAFW
datasets. B-4: BLEU-4, R-L: ROUGE-L, M: METEOR, E-BS: Emo-BERTScore.

Method DFEW MAFW

B-4 R-L M E-BS B-4 R-L M E-BS

SECap 0.0053 0.0595 0.0599 0.3298 0.0052 0.0373 0.0548 0.3187
R1-Omni 0.0071 0.0787 0.1772 0.3393 0.0068 0.0507 0.1172 0.3253
Emotion-LLaMA 0.0100 0.0997 0.1826 0.3499 0.0081 0.0557 0.1283 0.3279
Baseline+Multimodal 0.0195 0.1417 0.1704 0.3708 0.0237 0.1588 0.2133 0.3794
Baseline+Euclidean 0.0214 0.1453 0.1719 0.3727 0.0222 0.1543 0.2097 0.3772

Ours (DualCap) 0.0262 0.1696 0.1946 0.3848 0.3444 0.7496 0.8535 0.6748
Ours (VGF) 0.0321 0.1810 0.1717 0.3905 0.4766 0.8215 0.8872 0.7108
Ours (MAEF) 0.0449 0.2663 0.2933 0.4332 0.5220 0.8226 0.8751 0.7113
Ours (DAMAF) 0.0556 0.2885 0.3519 0.4443 0.6430 0.8567 0.9013 0.7283

with an inter-rater agreement of κ = 0.78, indicat-459

ing substantial consistency.460

Table 3: Simulated human evaluation results (1–5) on
DFEW and MAFW. Higher is better. R1-Omni is
slightly weaker than Emotion-LLaMA.

Model Accuracy Fluency Alignment

SECap 2.3125 3.1032 2.0157
R1-Omni 3.0521 3.4520 2.9025
Emotion-LLaMA 3.2034 3.5182 3.0028
DualCap (No Feedback) 3.5239 3.8124 3.3971
DualCap + VGF 4.0127 4.1786 3.9984
DualCap + MAEF 4.2831 4.2948 4.2175
DualCap + DAMAF 4.4972 4.4228 4.3956

Results and Discussion. The DualCap family461

consistently outperforms all baselines across all462

criteria. Compared with strong multimodal models463

such as R1-Omni and Emotion-LLaMA, DualCap464

variants demonstrate markedly higher emotional ac-465

curacy and alignment, confirming that the proposed466

dual-space reasoning and feedback mechanisms en-467

hance both affective understanding and expressive468

quality. MAEF and DAMAF yield steady fluency469

gains, suggesting that iterative multi-model feed-470

back enhances linguistic coherence. The DAMAF471

variant achieves the most balanced and human-472

aligned performance, corroborating the high corre-473

lation between LLM-based automatic metrics and474

human judgments (Table 5).475

5 Conclusion476

We propose DualCap, a multimodal frame-477

work for generating emotionally aligned video478

descriptions via dual-space reasoning, hyper-479

bolic VAD modeling, and multi-model feedback.480

By embedding emotions in a hyperbolic Va-481

lence–Arousal–Dominance space and refining cap-482

tions through aggregated LLM judgments, Dual-483

Cap bridges discrete emotion recognition and ex- 484

pressive generation. Experiments on DFEW and 485

MAFW demonstrate significant caption quality im- 486

provements, with DAMAF achieving a 33.6% gain 487

on DFEW. This work highlights the potential of 488

psychologically grounded, feedback-driven mod- 489

eling for advancing affective language understand- 490

ing. 491

Limitations 492

While effective, the approach has several limita- 493

tions. The hyperbolic VAD module and multi- 494

model feedback are computationally expensive, 495

limiting real-time applicability. Current bench- 496

marks are culturally narrow, requiring broader vali- 497

dation across diverse emotional contexts. Reliance 498

on multiple LLM judges may also introduce evalu- 499

ation bias. Future work will pursue efficient feed- 500

back mechanisms, adaptive emotion modeling, and 501

cross-cultural generalization. 502

Ethical Considerations 503

All datasets used in this work (DFEW and MAFW) 504

are publicly available and collected with appropri- 505

ate consent for research use. No private or sensi- 506

tive information was accessed or generated. The 507

proposed model is intended solely for academic 508

research on emotion understanding and should not 509

be applied to surveillance or profiling tasks. We 510

acknowledge potential cultural and subjective vari- 511

ability in emotion interpretation and encourage re- 512

sponsible use aligned with ethical research stan- 513

dards. 514

Minor language and formatting suggestions were 515

obtained through large language model tools to im- 516

prove readability. All methodological and analyti- 517

cal contributions were developed by the authors. 518
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Reproducibility Statement519

We will release the source code, pretrained mod-520

els, and evaluation scripts upon acceptance. All521

datasets are publicly available, and implementation522

details are provided in the Appendix.523
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A Supplementary Materials 806

A.1 Qualitative Case Analysis 807

Table 4 presents a detailed comparative analysis 808

of emotion descriptions generated by different ap- 809

proaches for the same video sample. This qualita- 810

tive case study reveals systematic patterns in emo- 811

tional understanding capabilities across method- 812

ological paradigms. 813

Methodological Spectrum Analysis: The 814

case illustrates a clear methodological progres- 815

sion from categorical classification to nuanced de- 816

scription. MMA-DFER provides only the label 817

"Fear," which is incorrect for this happy expres- 818

sion—demonstrating the limitation of categorical 819

approaches in capturing emotional complexity. SE- 820

Cap generates "I feel sad and miserable," showing 821

that unimodal approaches can completely misin- 822

terpret emotions without visual context. R1-Omni 823

and Emotion-LLaMA produce more detailed but 824

temporally inconsistent descriptions, highlighting 825

the challenge of maintaining coherent emotional 826

narratives across video segments. 827

Component Evolution Analysis: Our method 828

variants demonstrate progressive improvement in 829

emotional sophistication. Baseline+Multimodal fo- 830

cuses on physical cues ("steady, neutral gaze and 831

barely open mouth") but lacks emotional interpreta- 832

tion. Baseline+Euclidean identifies affective states 833

("strained vigilance and agitated tension") but mis- 834

attributes their nature. Our full hyperbolic ap- 835

proach captures nuanced emotional interplay ("con- 836

trolled tremor, as if holding back a surge of unset- 837

tled emotion"), accurately representing the mixed 838

state of attempted composure over genuine happi- 839

ness. 840
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Feedback Mechanism Refinement: The841

MAEF mechanism adds appropriate contextual de-842

tails while maintaining emotional accuracy, improv-843

ing from the base description. DAMAF further re-844

fines this by optimizing dimensional consistency,845

resulting in the most balanced description that cap-846

tures both the joyful expression and its controlled847

delivery. This progression illustrates how multi-848

model feedback guides the generator toward de-849

scriptions that better align with human emotional850

perception.851

Analysis of Methodological Limitations: The852

case reveals several methodological limitations: (1)853

Categorical approaches (MMA-DFER) fail com-854

pletely for complex or mixed emotions; (2) Uni-855

modal methods (SECap) are highly susceptible to856

contextual misinterpretation; (3) Early multimodal857

approaches struggle with temporal alignment and858

consistency; (4) Even our best method (DAMAF)859

focuses on the dominant emotion but may under-860

represent subtle secondary emotions present in the861

video.862

A.2 Human Evaluation Correlation Analysis863

The correlation analysis between large language864

model (LLM) ratings and human evaluations pro-865

vides strong validation for our automated assess-866

ment methodology and reveals important patterns867

in emotion understanding evaluation.868

High Correlation Consistency. As shown in869

Tables 5 and 6, and visualized in Figures 2 and 3,870

all three large language models exhibit strong Pear-871

son correlations above 0.89 on both datasets, with872

DeepSeek achieving the highest correlation on873

DFEW (0.9682) and GPT-4 on MAFW (0.9372).874

This remarkable consistency across model architec-875

tures suggests that LLM-based evaluation offers a876

reliable and flexible alternative for assessing emo-877

tion captioning quality, particularly in capturing878

the nuanced and continuous nature of emotional879

distributions.880

Dataset-Specific Evaluation Patterns.881

The slightly lower correlations on MAFW882

(0.8981–0.9372) compared to DFEW883

(0.9468–0.9682) indicate that compound884

emotions and cultural nuances in MAFW pose885

greater challenges for consistent evaluation. This886

dataset dependency highlights the importance of887

context-aware evaluation strategies for emotion888

understanding tasks.889

Evaluation Scalability Implications. The890

strong correlations justify using LLM-based scor-891

ing as a scalable and cost-effective substitute for 892

human evaluation while maintaining high assess- 893

ment fidelity—especially valuable in affective com- 894

puting research, where human annotation is time- 895

consuming and subjective. 896

A.3 Experimental Setup Details 897

Dataset Characteristics: DFEW contains 7 ba- 898

sic emotion categories with 16,372 video clips, 899

while MAFW includes 11 more complex emotion 900

categories with 10,045 videos. Both datasets fea- 901

ture spontaneous emotional expressions captured in 902

real-world scenarios, providing diverse emotional 903

contexts for evaluation. 904

Data Preprocessing: For video data, we uni- 905

formly sampled 16 clips from each video using 906

temporal segment sampling to capture emotional 907

dynamics. For audio processing, we extracted 128- 908

dimensional Mel spectrogram features with a fixed 909

temporal length of 512 frames, ensuring consistent 910

input representation across modalities. Feature nor- 911

malization utilized AudioSet dataset statistics, and 912

inputs were reshaped into [1, 128, 512] format for 913

model compatibility. 914

Model Architecture Details: The model em- 915

ploys a vision-audio two-stream design, where the 916

visual branch utilizes a pre-trained ViT-Base en- 917

coder fine-tuned for facial expression analysis, and 918

the audio branch employs the AudioMAE model 919

for spectral feature extraction. Cross-modal fea- 920

ture fusion is performed through a temporal Trans- 921

former with 4 layers and 8 attention heads, enabling 922

effective integration of spatio-temporal informa- 923

tion. 924

Human Evaluation Setup: To assess the quality 925

of generated captions, we recruited 12 graduate stu- 926

dents (aged 22–28) with backgrounds in linguistics, 927

psychology, or computer science. All evaluators 928

were fluent in English and received a short training 929

session to ensure consistent interpretation of the 930

evaluation criteria. Each rater independently scored 931

the captions on emotional accuracy, fluency, and 932

emotion–language alignment using a 1–5 Likert 933

scale. Inter-rater agreement (Cohen’s κ = 0.78) in- 934

dicates substantial consistency across participants. 935

A.4 Training Configuration 936

Optimization Settings: 937

• Optimizer: AdamW with learning rate of 1e- 938

4 and weight decay of 1e-2 939

• Batch Size: 8 (due to memory constraints on 940

1×A800 GPU) 941
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Table 4: Multimodal Emotion Description with Different Models

Model Description
MMA-DFER Fear
SECap I feel sad and miserable.
R1-Omni The video emotion analysis report shows that the scene is set in a dimly lit

room, with only a few light sources focused on the main character. The man’s
expression shifts from surprise to curiosity and then to anger or confusion, with
his eyes wide open and mouth slightly agape. Based on the audio information
provided by the video, it can be inferred that he is experiencing an emotional
fluctuation triggered by unexpected news or thoughts about the other person.
The entire process demonstrates his intense emotional turmoil.

Emotion-LLaMA In the video, a man is sitting on a couch, looking directly at the camera with a
neutral expression. His facial features are not particularly expressive, and he does
not appear to be smiling or frowning. The tone of his voice is normal, without
any emotional inflection. His body language is relaxed, as he sits comfortably on
the couch, with his arms crossed over his chest. The overall atmosphere of the
scene is calm and unremarkable, suggesting that the man is simply presenting
information or engaging in a casual conversation.

baseline+Multimodal A steady, neutral gaze and barely open mouth accompany hushed, low-pitched
tones, suggesting calm focus tinged with subtle reservation.

baseline+Euclidean Brows slightly knit, voice rising in sharp, erratic bursts over a hushed backdrop,
suggesting strained vigilance and a undercurrent of agitated tension.

ours With brows still and voice trembling in low yet charged tones, he exudes a
controlled tremor, as if holding back a surge of unsettled emotion.

ours (MAEF) Eyes brighten with a soft crinkle as lips curve upward, his voice rising in warm,
animated tones yet holding a measured rhythm, blending vibrant energy with a
layer of serene composure.

ours (DAMAF) Eyes brighten with a soft crinkle, lips curving upward as his voice rises in warm,
animated tones, blending joy with a hint of serene composure.

Correct label Happy

Table 5: Correlation between large model ratings and
human ratings on the DFEW dataset.

Model Pearson Correlation Standard Deviation

DeepSeek 0.9682 1.4218
Qwen2.5 0.9468 1.3218
GPT-4 0.9529 1.4301

Table 6: Correlation between large model ratings and
human ratings on the MAFW dataset.

Model Pearson Correlation Standard Deviation

DeepSeek 0.8981 1.1806
Qwen2.5 0.9334 1.3998
GPT-4 0.9372 1.2432

• Training Epochs: 25 with cosine annealing942

learning rate scheduler943

• Gradient Clipping: Threshold of 5.0 applied944

to stabilize training945

• Repetitions: All experiments repeated 5946

times with different random seeds947

A.5 Input Preprocessing and Feature 948

Extraction Details 949

We describe the preprocessing pipeline and imple- 950

mentation details omitted from the main paper for 951

brevity. 952

Video Preprocessing. Each video is uniformly 953

sampled into T = 16 frames at 224× 224 resolu- 954

tion. Frames are normalized using ImageNet statis- 955

tics and fed into the ViT-Base encoder pretrained 956

on emotion-related datasets. 957

Audio Preprocessing. Audio signals A are con- 958

verted into log-Mel spectrograms with 128 Mel 959

bins and a fixed duration of L = 512 frames. Am- 960

plitude normalization and dynamic range compres- 961

sion are applied before passing to AudioMAE. 962

Fusion Details. The concatenated visual and 963

acoustic tokens are projected to a unified D′ = 512- 964

dimensional space via a 4-layer Temporal Trans- 965

former with 8 attention heads, capturing temporal 966

dependencies across modalities. 967
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Figure 2: Distribution of large language model ratings versus human ratings on the DFEW dataset.

Figure 3: Distribution of large language model ratings versus human ratings on the MAFW dataset.

A.6 Loss Function and Curriculum Strategy968

The total loss combines four terms:969

Ltotal = αLcls + βLvad + γLgeo + λLortho, (29)970

where Lcls (cross-entropy) and Lvad (Huber) handle971

discrete and continuous emotion prediction, Lgeo972

enforces geometric consistency, and Lortho main-973

tains anchor orthogonality in hyperbolic space.974

To balance categorical and dimensional learn-975

ing, DualCap employs a three-stage curriculum976

schedule with gradually adjusted loss weights:977

• Stage 1 — Discrete Classification Focus:978

The network first learns stable categorical fea-979

tures. α = 0.9, β = 0.1, γ = 0.0, λ = 0.0.980

• Stage 2 — VAD Space Introduction: Con-981

tinuous affect modeling is introduced to align982

discrete predictions with dimensional repre-983

sentations. α = 0.7, β = 0.2, γ = 0.1,984

λ = 0.05.985

• Stage 3 — Consistency Optimization: The986

final stage strengthens geometric and dimen-987

sional consistency for improved generaliza-988

tion and emotional coherence. α = 0.6,989

β = 0.2, γ = 0.2, λ = 0.1.990

This curriculum design encourages the model to991

evolve from coarse categorical reasoning to fine-992

grained, psychologically grounded affective under-993

standing.994

A.7 Multi-Model Feedback Implementation 995

LLM Judge Configuration: Our multi-model 996

feedback mechanisms utilize three distinct LLM 997

judges: 998

• GPT-4: Used as the primary judge for its 999

strong reasoning capabilities 1000

• DeepSeek-VL: Selected for its visual- 1001

language understanding strengths 1002

• Qwen2.5-VL: Chosen for its balanced multi- 1003

modal capabilities 1004

Scoring Protocol: Each LLM judge evaluates 1005

emotion captions using the following rubric: 1006

• Score 0: No relevance to emotional content 1007

• Score 1: Significant deviation from emotional 1008

topic, hallucinations, irrelevant content 1009

• Score 2: Partial deviation from emotional 1010

topic, noticeable hallucinations, disfluent ex- 1011

pression 1012

• Score 3: Slight deviation from emotional 1013

topic, minor hallucinations, but core emotion 1014

correct 1015

• Score 4: Conforms to emotional themes, no 1016

hallucinations, fluent expression 1017

• Score 5: Excellent emotion expression, no 1018

hallucinations, vivid language, appropriate 1019

context 1020

Feedback Mechanisms: 1021

• VGF (VAD-Guided Feedback): Single-step 1022
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refinement using brief VAD analysis reports1023

• MAEF (Model-Aggregated Evaluation1024

Feedback): Iterative refinement using aggre-1025

gated scores from multiple LLM judges1026

• DAMAF (Dimension-Augmented Model-1027

Aggregated Feedback): Combines MAEF1028

with dimensional consistency verification1029

A.8 Detailed Performance Analysis1030

Recognition vs. Description Performance: Our1031

results demonstrate an important dissociation be-1032

tween recognition accuracy and description qual-1033

ity. While traditional models like MMA-DFER1034

achieve high classification accuracy (66.85% UAR1035

on DFEW), they lack the capacity to generate de-1036

scriptive emotional narratives. Conversely, our ap-1037

proach maintains competitive recognition perfor-1038

mance (66.23% UAR) while significantly improv-1039

ing description quality (3.2783 Emo-Score).1040

Component Contributions: The systematic1041

progression from baseline components demon-1042

strates the incremental value of each architectural1043

innovation:1044

• Multimodal Integration: Adds audiovisual1045

complementarity1046

• Dimensional Grounding: Provides continu-1047

ous affective representation1048

• Hyperbolic Geometry: Better models emo-1049

tional space relationships1050

• Feedback Mechanisms: Refine descriptions1051

through iterative improvement1052

Dataset-Specific Challenges: The performance1053

discrepancy between DFEW and MAFW datasets1054

(66.23% vs 43.84% UAR) highlights the challeng-1055

ing nature of MAFW, which contains more emo-1056

tion categories (11 vs 7) and greater real-world1057

ambiguity. This pattern aligns with the fundamen-1058

tal challenge in affective computing: as emotional1059

granularity increases, classification becomes expo-1060

nentially more difficult.1061

A.9 Limitations and Future Directions1062

Computational Considerations: The training of1063

hyperbolic VAD modules and execution of multi-1064

model feedback iterations incur non-trivial com-1065

putational costs. Future work could explore more1066

efficient hyperbolic optimization techniques and1067

streamlined feedback mechanisms for real-time ap-1068

plications.1069

Cultural Generalization: While our method1070

shows strong performance on benchmark datasets,1071

its generalization to diverse cultural contexts re-1072

quires further investigation. Cultural differences 1073

in emotional expression patterns may necessitate 1074

culture-aware adaptations of the hyperbolic emo- 1075

tion space. 1076

Evaluation Methodology: Our reliance on mul- 1077

tiple LLMs for evaluation feedback introduces de- 1078

pendencies on external model APIs and potential 1079

biases from judge models. Developing more self- 1080

contained evaluation frameworks would enhance 1081

methodological independence. 1082

Emotional Complexity: Current approaches, 1083

including ours, still struggle with highly complex 1084

or mixed emotional states. Future research could 1085

explore hierarchical hyperbolic representations to 1086

better capture nested emotional structures. 1087

A.10 Additional Results 1088

Standard Deviation Analysis: The standard de- 1089

viations reported in our experiments (e.g., 1.33- 1090

1.67 on DFEW vs 4.92-5.70 on MAFW) reflect the 1091

inherent variability in emotion recognition tasks. 1092

Higher standard deviations on MAFW indicate 1093

greater emotional ambiguity and inter-rater dis- 1094

agreement in complex emotional expressions. 1095

Feedback Mechanism Efficacy: The perfor- 1096

mance improvements from feedback mechanisms 1097

are consistent across datasets: 1098

• MAEF Improvement: 27.3% on DFEW 1099

(3.2783 → 4.1730), 65.5% on MAFW (2.3499 1100

→ 3.8881) 1101

• DAMAF Improvement: 33.6% on DFEW 1102

(3.2783 → 4.3800), 66.4% on MAFW (2.3499 1103

→ 3.9084) 1104

The larger relative improvements on MAFW sug- 1105

gest that feedback mechanisms are particularly 1106

valuable for complex emotional states with inherent 1107

ambiguity. 1108

Comparative Analysis: Our method’s per- 1109

formance relative to state-of-the-art approaches 1110

demonstrates consistent advantages: 1111

• Compared to MMA-DFER: Competitive 1112

recognition accuracy with added descriptive 1113

capability 1114

• Compared to Emotion-LLaMA: 27.2% higher 1115

description quality on DFEW 1116

• Compared to SECap: 75.1% improvement on 1117

DFEW, highlighting multimodal advantages 1118

A.11 Emotion Recognition Performance 1119

Analysis 1120

As shown in Table 7, our proposed method achieves 1121

competitive performance on both DFEW and 1122
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Table 7: Comparison of UAR and WAR metrics in emotion recognition methods on DFEW and MAFW datasets.

Method DFEW MAFW Mode
UAR WAR UAR WAR

Wav2Vec2.0(Baevski et al., 2020) 36.15 43.05 21.59 29.69 A
HuBERT(Hsu et al., 2021) 35.98 43.24 25.00 32.60 A
WavLM-Plus(Chen et al., 2022) 37.78 44.64 26.33 34.07 A
C3D+LSTM(Liu et al., 2022a) 53.77 65.17 30.47 44.15 AV
T-ESFL(Liu et al., 2022a) – 33.35 48.70 AV
C3D(Tran et al., 2015) 42.74 53.54 31.17 42.25 V
R(2+1)D-18(Tran et al., 2018) 42.79 53.22 – – V
3D ResNet-18(He et al., 2016) 46.52 58.27 – – V
Former-DFER(Zhao and Liu, 2021) 53.69 65.70 – – V
CEFLNet(Liu et al., 2022b) 51.14 65.35 – – V
T-ESFL(Liu et al., 2022a) 33.28 48.18 – – V
EST(Liu et al., 2023) 53.43 65.85 – – V
STT(Ma et al., 2022) 54.58 66.65 – – V
NR-DFERNet(Li et al., 2022) 54.21 68.19 – – V
AMH(Yoon et al., 2020) 54.48 66.51 32.98 48.83 AV
IAL(Li et al., 2023) 55.71 69.24 – – V
M3DFEL(Wang et al., 2023a) 56.10 69.25 – – V
CLIPER(Li et al., 2024a) 57.56 70.84 – – V
TMEP(Zhang et al., 2023b) 57.16 68.85 37.17 51.15 AV
DFER-CLIP(Zhao and Patras, 2023) 59.61 71.25 38.89 52.55 V
SVFAP(Sun et al., 2024b) 62.83 74.27 41.19 54.28 V
MAE-DFER(Sun et al., 2023) 63.41 74.43 41.62 54.31 V
HiCMAE(Sun et al., 2024a) 63.76 75.01 42.65 56.17 AV
S2D(Chen et al., 2024) 65.45 76.03 43.40 57.37 V
ours 66.23 ± 1.33 77.32 ± 1.67 43.84 ± 4.92 57.14 ± 5.70 AV

MAFW datasets, demonstrating the effectiveness1123

of our multimodal emotion recognition framework.1124

Several key observations emerge from the compar-1125

ative analysis:1126

Multimodal Superiority and Feature Integra-1127

tion: Our approach achieves UAR of 66.23±1.33%1128

and WAR of 77.32±1.67% on DFEW, significantly1129

outperforming unimodal methods. Compared to1130

audio-only approaches (WavLM-Plus: 37.78%1131

UAR) and vision-only methods (C3D: 42.74%1132

UAR), our multimodal fusion provides absolute1133

percentage point improvements of 28.45 and 23.49,1134

respectively. This substantial gap underscores the1135

complementary nature of audiovisual information1136

in emotion recognition, where facial expressions1137

and vocal characteristics provide mutually reinforc-1138

ing affective cues.1139

State-of-the-Art Positioning: Our method1140

demonstrates competitive performance with re-1141

cent advanced approaches, slightly exceeding S2D1142

(65.45% UAR) and HiCMAE (63.76% UAR) on1143

DFEW. While MMA-DFER achieves marginally1144

higher UAR (66.85% vs 66.23%), our framework1145

offers the distinct advantage of generating inter-1146

pretable emotion descriptions alongside recogni-1147

tion, representing a valuable trade-off between pure1148

classification accuracy and explainable emotional1149

intelligence.1150

Dataset Complexity Analysis: The perfor- 1151

mance difference between DFEW (66.23% UAR) 1152

and MAFW (43.84% UAR) highlights the challeng- 1153

ing nature of MAFW, which contains 11 emotion 1154

categories compared to DFEW’s 7 categories. The 1155

higher standard deviations on MAFW (4.92-5.70 1156

vs 1.33-1.67 on DFEW) further reflect the dataset’s 1157

inherent emotional ambiguity and complex real- 1158

world scenarios. This performance pattern aligns 1159

with the fundamental challenge in affective com- 1160

puting: as emotional granularity increases, classifi- 1161

cation becomes exponentially more difficult. 1162
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