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Abstract001

Omni-modal Large Language Models002
(OLLMs) excel in diverse tasks but struggle003
with complex emotional reasoning, which004
requires integrating textual, visual, and005
acoustic signals. We attribute this limita-006
tion to modality collapse, where models007
over-rely on a dominant modality while008
neglecting complementary cues. To address009
this issue, we introduce OmniCoT, a data010
paradigm that interleaves guided tokens (e.g.,011
[vision], [audio]) into reasoning traces to012
enforce structured evidence extraction. To013
further internalize the reasoning behaviors014
instilled by OmniCoT and facilitate adaptive015
modality prioritization, we propose Dynamic016
Modality-Entropy GRPO (DyME-GRPO),017
which utilizes entropy-based uncertainty018
estimates over Guided Tokens (GTs) to019
regulate modality usage, thereby mitigating020
collapse and informational redundancy. By021
applying supervised fine-tuning with OmniCoT022
followed by DyME-GRPO, we develop023
EmoOmni based on the Qwen2.5-Omni-7B024
backbone. Extensive experiments demonstrate025
that EmoOmni achieves state-of-the-art026
performance on multiple emotion recognition027
and reasoning benchmarks while preserving028
the general capabilities of the base model.029
These findings highlight the potential of our030
work for omni-modal reasoning across a031
broader range of complex tasks.1032

1 Introduction033

As a pivotal challenge within the field of Human-034

centered Artificial Intelligence (Tocchetti et al.,035

2025), omni-modal emotion recognition and rea-036

soning (Lian et al., 2023b; Cheng et al., 2024) re-037

quires the effective integration of textual, acous-038

tic, and visual information. While Omni-modal039

Large Language Models (OLLMs) have demon-040

strated exceptional perceptual capabilities across041

1Our code will be released in the camera-ready version.
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with...
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Figure 1: Comparison of reasoning schemes for omni-
modal emotion recognition. While vanilla Qwen2.5-
Omni incorrectly predicts "Neutral" state due to visual
over-reliance, EmoOmni employs a token-guided CoT
to integrate multimodal evidence, which effectively mit-
igates modality collapse and enable correct "Angry"
identification.

a broad spectrum of multimodal tasks (Xu et al., 042

2025b; Yue et al., 2024), they still struggle with 043

the complex emotional reasoning. We observe that 044

this limitation stems primarily from modality col- 045

lapse, a phenomenon where the model exhibits a 046

disproportionate reliance on the dominant modality. 047

As illustrated in Figure 1, vanilla Qwen2.5-Omni- 048

7B (Xu et al., 2025a) tends to rely disproportion- 049

ately on visual cues. Such visual-centric bias leads 050

to the systematic marginalization of critical acous- 051

tic and linguistic evidence, thereby undermining 052

the overall reliability and accuracy of the emotional 053

reasoning process. 054

Motivated by the success of chain-of-thought 055

(CoT) prompting in vision–language reason- 056

ing (Shao et al., 2024a; Shi et al., 2025; Man 057

et al., 2025), which encourages models to de- 058

compose complex problems into step-by-step rea- 059

soning processes, we propose OmniCoT, a data 060

construction paradigm designed to generate struc- 061
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tured and guided multimodal reasoning traces to062

mitigate modality collapse. OmniCoT incorpo-063

rates Guided Tokens (GTs), such as [vision],064

[audio], [dialogue], and [analysis], which065

serve as explicit cognitive anchors to instruct the066

model when to consult specific modalities or ex-067

ecute integrative synthesis, thereby encouraging068

modality-aware reasoning rather than uncontrolled069

free-form explanation. By leveraging the advanced070

logical capabilities of Large Language Models071

(LLMs), An LLM-based verification and integra-072

tion module further guarantee the logical coherence073

and correctness of the generated CoT.074

To further internalize the reasoning behav-075

iors instilled by OmniCoT, we propose Dynamic076

Modality-Entropy GRPO (DyME-GRPO), ex-077

tending the Group Relative Policy Optimiza-078

tion (GRPO) (Shao et al., 2024b) to the multi-079

modal domain. By quantifying predictive uncer-080

tainty through entropy-based estimates of modal-081

ity GTs, this method dynamically penalizes high-082

uncertainty distributions to adaptively calibrate083

modality reliance. This facilitates a transition from084

static format imitation to dynamic modality coor-085

dination, allowing the model to converge toward086

a balanced policy that simultaneously mitigates087

modality collapse and suppresses informational re-088

dundancy.089

Leveraging Qwen2.5-Omni-7B as a backbone,090

we develop EmoOmni through the integrated ap-091

plication of OmniCoT and DyME-GRPO. Experi-092

mental results demonstrate that EmoOmni achieves093

state-of-the-art performance across multiple bench-094

marks, significantly outperforming both vanilla and095

SFT-adapted baselines fine-tuned on the same emo-096

tion dataset, while preserving general multimodal097

capabilities. These findings highlight the potential098

of our work as a scalable paradigm for omni-modal099

reasoning across a broader spectrum of complex100

tasks.101

Our contributions are as follows:102

• We propose OmniCoT, a data construction103

paradigm that utilizes guided tokens and verifica-104

tion mechanisms to ensure the logical coherence105

of emotional inference.106

• We introduce DyME-GRPO, an RL-based op-107

timization strategy that adaptively calibrates108

modality reliance via entropy-based uncertainty,109

effectively mitigating modality collapse and110

avoiding informational redundancy.111

• We develop EmoOmni, which achieves state-of-112

the-art performance on multiple multimodal emo- 113

tion recognition and reasoning benchmarks and 114

maintains the general multimodal capabilities. 115

2 Related Work 116

2.1 Omni-modal Emotion Recognition and 117

Reasoning Datasets. 118

Omni-modal emotion recognition and reasoning 119

aims to infer emotion by synthesizing video, au- 120

dio, and textual signals, of which advancement 121

relies heavily on datasets that provide both emo- 122

tional labels and reasoning traces. While existing 123

benchmarks such as EMER (Lian et al., 2023b) 124

and MERR (Cheng et al., 2024) provide reasoning 125

traces, and subsequent works (Lian et al., 2024; 126

Yang et al., 2025b) have refined the inference 127

pipeline, these datasets often rely on unstructured, 128

free-form explanations that lack rigorous logical 129

verification. To overcome these limitations, we 130

propose OmniCoT, which enforces modality-aware 131

reasoning via structured GTs and ensures logical 132

reliability through an LLM-based verification mod- 133

ule. 134

2.2 Omni-modal Large Language Models 135

OLLMs integrate diverse modalities into a unified 136

processing framework. Following early proprietary 137

models like GPT-4o (Hurst et al., 2024) and Gemini 138

1.5 (Team et al., 2024), open-source architectures 139

such as VITA-1.5 (Fu et al., 2025) and EMOVA 140

(Chen et al., 2025) successfully aligned multimodal 141

encoders with LLM backbones. While founda- 142

tional models such as MiniCPM-o (Yao et al., 2024) 143

and Qwen2.5-Omni (Xu et al., 2025a) emphasize 144

broad generalization, specialized variants like Hu- 145

manOmni (Zhao et al., 2025b) and the reasoning 146

R1-Omni (Zhao et al., 2025a) have begun to prior- 147

itize human-centric perception and reinforcement 148

learning for emotional reasoning. Most recently, 149

the Qwen3-Omni series (Xu et al., 2025b) has 150

advanced OLLM through MoE architectures and 151

reasoning processes. We evaluate our proposed 152

EmoOmni against these representative baselines 153

to demonstrate our superiority. 154

3 OmniCoT: Token-Guided Multimodal 155

CoT Construction 156

3.1 Overview 157

OmniCoT introduces a token-guided reasoning 158

paradigm to mitigate modality collapse in OLLMs 159
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emotion is 
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<think>[vision] ... appears...[audio] ...sounds...[dialogue] I won...[anlysis] overall,..</think><answer>Worried</answer>

OmniCoT

Figure 2: Overview of the OmniCoT. Left: Modality-Specific Evidence Extraction: Modality-specific evidence is
extracted via MLLMs. Rgith: LLM-Based Logical-Aware Reasoning Integration: Multimodal CoT are filtered
by an LLM-based verification module for logical coherence.

by enforcing the coordination of multimodal sig-160

nals through structured Guided Tokens (GTs). As161

illustrated in Figure 2, modality-specific tokens162

including [vision], [audio], and [dialogue]163

systematically invoke distinct evidence while the164

[analysis] token initiates a deliberate reasoning165

phase. To ensure logical coherence, an LLM-based166

verification module refines these reasoning traces.167

By formalizing modality utilization, OmniCoT en-168

ables OLLMs to internalize modality-aware behav-169

iors and eliminates the over-reliance on a dominant170

modality.171

3.2 Modality-Specific Evidence Extraction172

The pipeline begins with the extraction of fine-173

grained, modality-specific evidence (Figure 2, left).174

For visual modality, Qwen3-VL (Bai et al., 2025)175

derives emotion-relevant descriptions including176

postures, expressions, and environmental cues for177

appending to the [vision] token. For audio178

modality, Qwen2-Audio (Chu et al., 2024) captures179

paralinguistic attributes such as intonation and vo-180

cal intensity following the [audio] token. Simulta-181

neously, Whisper (Radford et al., 2023) transcribes182

spoken dialogue for the [dialogue] token. De-183

tailed prompts for these models are provided in184

Appendix A. To ensure factual and logical integrity,185

an LLM-based verification filters the extracted evi-186

dence before its final synthesis into the CoT.187

3.3 LLM-Based Logical-Aware Reasoning 188

Integration 189

Simply concatenating fragmented multimodal in- 190

formation may result in information insufficiency 191

or logical inconsistencies. To resolve this, we lever- 192

age the advanced logical capabilities of LLMs by 193

employing Qwen3-7B (Yang et al., 2025a) as a 194

core integration and verification module (Figure 2, 195

right). This module implements a rigorous con- 196

sistency verification whereby the LLM assesses 197

whether the multimodal evidence provides suffi- 198

cient support for the ground-truth emotion. Upon 199

successful validation, the LLM generates a defini- 200

tive reasoning step appended to the [analysis] 201

token to finalize the OmniCoT structure, while 202

the failure examples are excluded from the dataset. 203

This verification mechanism ensures only seman- 204

tically aligned and logically robust examples are 205

retained, thereby safeguarding the overall quality 206

of the synthesized CoT data. Detailed prompts are 207

provided in Appendix A. 208

4 EmoOmni: Calibrating Omni-modal 209

Emotion Reasoning via OmniCoT and 210

DyME-GRPO 211

4.1 Overview 212

EmoOmni is built upon Qwen2.5-Omni-7B (Xu 213

et al., 2025a), leveraging its native architecture 214
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Figure 3: Overview of EmoOmni training pipeline. Left: Cold Start via SFT on OmniCoT to internalize structured
reasoning traces. Right: DyME-GRPO reinforcement learning framework, which optimizes the reasoning policy by
incorporating a dynamic modality-entropy reward (Rmod) to mitigate modality collapse alongside standard accuracy
(Racc) and format (Rfmt) rewards.

for processing interleaved multimodal signals. To215

optimize the reasoning policy, we employ Group216

Relative Policy Optimization (GRPO) (Shao et al.,217

2024b), which refines model performance by eval-218

uating sampled outputs against relative rewards219

within a group. A more detailed introduction to220

the GRPO framework is provided in Appendix B.221

Our training follows a two-stage pipeline where222

the model first undergoes Supervised Fine-Tuning223

(SFT) on the OmniCoT dataset to internalize224

the structured, token-guided reasoning format.225

Building upon this initialized policy, we intro-226

duce DyME-GRPO, which incorporates a dynamic227

modality-entropy reward to adaptively calibrate228

modality reliance through entropy-based signals.229

This transition from static format imitation to dy-230

namic modality coordination empowers the model231

to alleviate modality collapse while effectively mit-232

igating informational redundancy.233

4.2 Cold start234

To align the model with the GTs and structured rea-235

soning defined in OmniCoT, we first perform SFT236

on the OmniCoT dataset as a cold start stage. Given237

a multimodal prompt x and its corresponding Om-238

niCoT sequence y, the SFT objective minimizes239

the negative log-likelihood of the target sequence:240

LSFT = −
∑
t

logPθ(yt | y<t, x) , (1)241

where yt denotes the t-th token of the target rea- 242

soning chain. This stage ensures the model can 243

correctly invoke GTs and adhere to the prescribed 244

CoT format, providing a stable policy initialization 245

for subsequent DyME-GRPO stage. 246

4.3 DyME-GRPO 247

Building on the SFT policy, we employ DyME- 248

GRPO to refine multimodal reasoning. As shown 249

in the bottom of Figure 3, the total reward R com- 250

prises three components:1) Format reward (Rfmt) 251

penalizes deviations from the Omni-CoT template 252

and GTs usage. 2) Accuracy reward (Racc) eval- 253

uates the correctness of the final emotional in- 254

ference. 3) Dynamic modality-entropy reward 255

(Rmod) adaptively calibrates modality reliance us- 256

ing entropy-based signals to penalize informational 257

redundancy and reward discriminative cues. 258

4.3.1 Format reward 259

The format reward encourages the model to pro- 260

duce responses that follow the desired token-guided 261

CoT structure, including the correct use of GTs 262

such as [vision], [audio], [dialogue], and 263

[analysis]. Let y denote the generated output, 264

the format reward is defined as: 265

Rfmt(y) =

{
1, if y in OmniCoT format
0, otherwise.

(2) 266
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4.3.2 Accuracy reward267

The accuracy reward aligns the optimization ob-268

jective with the target emotion recognition task.269

Let c denote the ground-truth emotion label and270

ĉ = Φ(y) be the predicted label extracted from the271

reasoning chain y. We define this reward as:272

Racc = I[ĉ = c], (3)273

where I[·] is the indicator function that returns 1274

when the prediction is correct and 0 otherwise.275

4.3.3 Dynamic Modality-Entropy Reward276

Modality-Token Entropy: To quantify the un-277

certainty in modality selection, we evaluate the en-278

tropy at the decision points where modality-specific279

tokens (e.g., [vision], [audio]) are generated.280

Let tm denote the position of a modality token281

m ∈ {vision, audio}. The model’s probability dis-282

tribution over the vocabulary V at tm is denoted as283

ptm,k for token k ∈ V . We define the modality en-284

tropy Hm as the Shannon entropy (Shannon, 1948)285

of this distribution:286

Hm = −
∑
k∈V

ptm,k log ptm,k. (4)287

Hm serves as a proxy for modality-level ambigu-288

ity; higher entropy reflects increased uncertainty or289

exploratory behavior during modality selection.290

Modality Usage Estimation: We estimate the291

model’s reliance on each modality by integrating292

both selection confidence and uncertainty. Let pm293

be the softmax probability of the selected modality294

token m at position tm. We define the unnormal-295

ized usage intensity um as:296

um =
pm
Hm

, (5)297

where um increases when a modality is selected298

with high confidence (large pm) and low uncer-299

tainty (small Hm). Let v and a denote vision and300

audio modality. To facilitate cross-modal compar-301

ison, these intensities are normalized into relative302

weights:303

wm =
um∑

j∈{v, a} uj
. (6)304

The resulting weights wm ∈ [0, 1] satisfy
∑

wm =305

1, providing a continuous measure of the model’s306

relative reliance on each modality. A higher wm307

indicates a more decisive and prioritized utilization308

of modality m within the reasoning chain.309

Reward function: We integrate these signals into310

the reinforcement learning objective through a 311

usage-weighted entropy term: 312

Rraw
mod = wv Hv + waHa. (7) 313

To adaptively modulate exploratory behavior, we 314

scale this term by the model’s uncertainty regarding 315

the ground-truth label. Let p∗ denote the predicted 316

probability of the correct answer. The final Dy- 317

namic Modality-Entropy Reward is defined as: 318

Rmod = (1− p∗)Rraw
mod. (8) 319

The factor 1 − p∗ acts as a dynamic scaling fac- 320

tor that suppresses exploration as the model gains 321

confidence in the correct inference (p∗ → 1). Con- 322

versely, lower confidence encourages the integra- 323

tion of complementary multimodal cues to mitigate 324

over-reliance on any single source and foster robust, 325

modality-aware reasoning. 326

4.3.4 Overall reward function 327

We combine the above components into a unified 328

reinforcement learning objective: 329

R = Rfmt ·Racc + αRmod, (9) 330

where α > 0 is a balancing coefficient, we set 331

α = 0.1 in emoOmni. More discussion about 332

α can be found in ablation study. The product 333

of Rfmt and Racc ensures that accuracy is only 334

rewarded when the correct format is maintained. 335

Meanwhile, Rmod encourages the model to explore 336

different modalities instead of just guessing the 337

answer. Together, these rewards guide the model to 338

produce reasoning that is both well-structured and 339

accurate. 340

5 Experiments 341

5.1 Settings 342

Training Configurations: Building on the 343

Qwen2.5-Omni-7B backbone, we obtain the 344

EmoOmni model via the two-stage training proce- 345

dure detailed in Section 4. For the cold start stage, 346

we utilize 4.4K OmniCoT examples sampled from 347

the MER 2023 dataset (Lian et al., 2023a). The 348

subsequent GRPO stage employs 17K training ex- 349

amples derived from DFEW (Jiang et al., 2020) 350

and the training set of MER 2025 datasets (Lian 351

et al., 2025). 352

Baselines and Comparison: We evaluate 353

EmoOmni against three categories of representa- 354

tive models: 1) vanilla OLLMs, 2) OLLMs fine- 355

tuned on the same emotion datasets without CoT to 356
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Table 1: Main results on multimodal emotion recognition and reasoning benchmarks. We report WA (Weighted
Accuracy), UAR (Unweighted Average Recall), and WAR (Weighted Average Recall) cross four benchmarks,
where bold and underlined values denote the best and second-best performance, respectively. EmoOmni achieves
state-of-the-art results across most metrics and demonstrates competitive performance on the remainder.

Model Variant RAVDESS MELD IEMOCAP MER2025

WA UAR WAR WA UAR WAR WA UAR WAR WA UAR WAR

vanilla Omni-modal large language models
HumanOmni vanilla 48.79 55.61 55.64 42.86 30.65 42.64 65.03 36.00 43.97 68.77 60.22 72.16

VITA-1.5 vanilla 51.85 32.81 37.98 38.56 25.74 31.25 56.15 28.12 42.54 64.42 45.48 49.28
MiniCPM-o 2.6 vanilla 48.79 55.64 55.61 8.24 11.11 11.76 12.32 10.35 13.72 26.13 34.62 38.14

Qwen2.5-Omni-7B vanilla 68.26 51.01 53.54 44.65 35.42 46.12 62.55 41.33 52.92 65.63 62.47 67.46
Qwen2.5-Omni-3B vanilla 46.78 43.17 45.75 47.51 31.08 49.71 61.64 29.70 37.72 67.24 40.18 52.27

Qwen3-Omni-30B-Instruct vanilla 63.76 52.95 54.81 47.39 26.55 34.88 64.65 42.40 47.53 72.88 68.65 69.02

Omni-modal large language models with SFT
HumanOmni SFT 46.73 51.12 52.24 34.36 24.98 32.81 62.97 37.06 46.82 73.05 66.70 77.49

VITA-1.5 SFT 47.07 45.17 47.68 39.07 23.68 41.86 60.81 29.08 41.79 69.86 63.30 64.73
MiniCPM-o 2.6 SFT 11.97 17.04 17.87 25.55 15.64 32.56 18.75 15.26 17.40 28.32 33.27 39.05

Qwen2.5-Omni-7B SFT 64.65 55.61 55.85 40.40 30.37 38.76 65.83 40.90 52.73 70.06 60.33 64.31
Qwen2.5-Omni-3B SFT 60.27 50.14 50.64 42.27 28.91 43.74 60.42 31.42 40.41 71.91 56.45 66.54

Qwen3-Omni-30B-Instruct SFT 61.85 52.83 51.32 42.33 30.31 37.98 63.82 33.82 38.17 75.92 70.43 76.44

Omni-modal reasoning models
R1-Omni vanilla 49.24 56.04 56.12 33.94 27.83 31.78 43.49 27.74 41.74 49.71 37.11 42.44

Qwen3-Omni-30B-Think vanilla 65.14 55.30 55.69 50.23 36.50 35.94 58.30 25.91 44.75 63.68 27.97 30.70

EmoOmni(ours) / 70.28 62.33 62.34 48.60 36.64 46.53 67.12 42.89 58.15 73.94 71.59 75.42

ensure a rigorous and fair comparison and 3) Omni-357

modal reasoning models. This setup allows us to358

isolate the impact of structured reasoning from sim-359

ple data exposure.360

Evaluation Benchmarks and Metrics: Mod-361

els are assessed across four widely-used mul-362

timodal emotion benchmarks. Among these,363

RAVDESS (Livingstone and Russo, 2018) and364

IEMOCAP (Busso et al., 2008) consist of acted365

emotional expressions, while MELD (Poria et al.,366

2019) and MER 2025 collect emotion-rich clips367

sourced from films. Performance is quantified368

using standard metrics such as Weighted Accu-369

racy (WA), Unweighted Average Recall (UAR) and370

Weighted Average Recall (WAR).371

Implementation details about experiments are372

deferred to Appendix C.373

5.2 Quantitative Results on Emotion374

Benchmarks375

5.2.1 Comparison with Omni-modal Large376

Language Models377

Compared with vanilla OLLMs, EmoOmni378

achieves superior results across nearly all evalu-379

ation metrics, with competitive performance on the380

remainder. Such consistency across diverse bench-381

marks suggests that EmoOmni derives its robust-382

ness from generalized reasoning rather than from383

dataset-specific biases. 384

To isolate the impact of our methodology, we 385

fine-tuned OLLM baselines on the same data 386

source used for EmoOmni. While this controlled 387

SFT significantly enhances performance on the in- 388

domain MER2025 benchmark, its gains on other 389

datasets are marginal. This indicates that vanilla 390

SFT primarily facilitates domain adaptation but 391

fails to cultivate the cross-dataset generalization 392

essential for robust emotional inference. Despite 393

the competitive advantage of equivalent data ex- 394

posure, SFT-adapted OLLMs still trail EmoOmni. 395

This persistent performance gap underscores that 396

EmoOmni’s superiority stems from the structural 397

innovations of OmniCoT and DyME-GRPO rather 398

than mere data volume. 399

5.2.2 Compared with Omni-modal Reasoning 400

Models 401

EmoOmni consistently outperforms specialized 402

reasoning models, including R1-Omni and the 403

substantially larger Qwen3-Omni-30B-Thinking. 404

Although R1-Omni pioneered GRPO-based emo- 405

tional reasoning, its vanilla objective lacks spe- 406

cialized multimodal optimization. In contrast, 407

EmoOmni outperforms across all benchmarks, 408

demonstrating that DyME-GRPO more effectively 409

advances multimodal emotional inference. This su- 410

periority confirms that principled modality coordi- 411
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Qwen2.5-Omni-7b: 
The man is playing drums with great energy while singing "What's up?" The drumming sounds intense but not aggressive or angry like anger would 
be.If it were fear he might sound more panicked instead.The overall vibe seems to lean towards excitement rather than sadness which rules out sad.It 
doesn't seem disgusted either since there s no indication that anything gross was said.So I d say this expresses happiness.  (Only use acoustic cues)

EmoOmni:
<think>
[vision] The person in the image appears to be in a state of surprise or shock, with wide eyes and a slightly open mouth. There is no clear indication of 
happiness, sadness, anger, fear, disgust, or neutrality.
[audio] the speaker's tone is harsh and forceful, which could indicate anger or frustration.
[dialogue] What are the infernal legends, because I use them.
[analysis] the visual cues suggest surprise or shock rather than any of the other emotions listed. the person's wide eyes and slightly open mouth 
indicate a sudden realization or reaction to something unexpected. the audio characteristics do not strongly align with anger or frustration but rather a 
neutral or slightly surprised tone. the text provided does not directly convey any of the listed emotions. (Use multimodal cues)
</think>  
<answer>angry</answer>

R1-Omni:
<think>
The video opens with a close-up shot of a man's face, where the corners of his mouth are slightly upturned, and his eyes reveal a mix of confusion and 
surprise. His brows are slightly furrowed, and his lips are pressed into a tight line, as if he is trying hard to comprehend or process something. The 
background is dimly lit, focusing on him, making it difficult for us to determine his location or environment. Overall, this scene creates an atmosphere of 
mystery and tension. (Only use visual cues)
</think>
<answer>neutral</answer>

Ground_truth: Angry

Figure 4: Qualitative comparison of reasoning processes between EmoOmni and representative OLLMs. EmoOmni
utilizes structured guided tokens ([vision], [audio], [dialogue]) to explicitly extract evidence. During the
[analysis] phase, the model achieve an accurate inference by grounding its decision in specific acoustic and visual
cues.

nation is essential for mastering complex affective412

tasks.413

5.3 Qualitative Analysis414

Figure 4 compares the reasoning processes of415

Qwen2.5-Omni, R1-Omni, and EmoOmni. While416

Qwen2.5-Omni often relies on single-modality417

cues and R1-Omni generates reasoning steps lack-418

ing clear modality grounding, EmoOmni follows a419

structured, modality-aware path. By explicitly iden-420

tifying evidence through [vision], [audio], and421

[dialogue] tokens before the final [analysis],422

EmoOmni resolves complex cases where individ-423

ual modalities might be misleading. This system-424

atic integration confirms that our guided tokens425

produce more coherent and grounded multimodal426

predictions, with additional examples provided in427

Appendix D.428

5.4 The Necessity of Guided Tokens429

Existing datasets like MERR and MER 2025 pro-430

vide multimodal chains of thought but lack explicit431

GTs to direct the model across modalities. To432

evaluate the impact of these tokens, we compare433

Qwen2.5-Omni fine-tuned on: (i) non-CoT data,434

(ii) existing CoT datasets, and (iii) our OmniCoT.435

We also include a variant of OmniCoT where the436

reasoning chains are preserved but the GTs are re-437

moved. All training sets are identical in size to438

Table 2: Impact of Guided Tokens (GTs) on model
performance. OmniCoT outperforms standard CoT vari-
ants. The performance drop in the w/o GTs setting
confirms that explicit GTs are indispensable for coher-
ent multimodal reasoning.

Dataset CoT GTs MELD IEMOCAP

UAR WAR UAR WAR

MER2023 ✗ ✗ 28.54 38.57 38.92 50.87
MERR ✓ ✗ 27.96 43.06 41.70 55.89

MER2025 ✓ ✗ 29.78 38.56 36.47 51.08

OmniCoT ✓ ✓ 34.30 42.13 44.63 57.75
w/o GTs ✓ ✗ 33.80 44.09 40.74 56.87

ensure a fair comparison. Examples of each CoT 439

are illustrated in Appendix E. 440

As shown in Table 2, while standard CoT fine- 441

tuning improves performance, Omni-CoT achieves 442

the best results. Removing GTs leads to a notice- 443

able performance drop, confirming that explicit 444

GTs are essential for structured multimodal reason- 445

ing. These findings demonstrate that the efficacy of 446

OmniCoT stems not only from the reasoning text 447

itself, but also from the structural discipline im- 448

posed by GTs, which serve as the key for superior 449

emotional reasoning. 450
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(a) Results on MELD dataset

(b) Results on IEMOCAP dataset

Figure 5: Impact of α on performance. The results
show that Dynamic Modality-Entropy reward improves
performance over the α = 0 baseline, with an optimal
peak at α = 0.1. This highlights a successful trade-off
between multimodal exploration and output stability.

5.5 Ablation Studies451

5.5.1 The Effectiveness of DyME-GRPO452

We further evaluate the contribution of DyME-453

GRPO by comparing the results of EmoOmni with454

its SFT-only counterpart (Table 1 vs. Table 2). On455

the MELD dataset, GRPO increases UAR from456

34.30 to 36.64 and WAR from 44.63 to 46.53. Sim-457

ilarly, for IEMOCAP, UAR improves from 42.13458

to 42.89 and WAR rises from 57.75 to 58.15.459

These improvements demonstrate that DyME-460

GRPO does more than just boost overall accu-461

racy. It specifically helps EmoOmni achieve more462

balanced predictions across diverse emotion cat-463

egories, confirming that our DyME-GRPO plays464

a critical role in enhancing cross-dataset general-465

ization beyond the limits of standard supervised466

fine-tuning.467

5.5.2 Analysis of Hyper-parameter α468

The coefficient α in Eq. 9 balances the Dynamic469

Modality-Entropy reward against task-specific ob-470

jectives. As shown in Figure 5b, performance on471

MELD and IEMOCAP follows a parabolic trend,472

peaking at α = 0.1. Setting α = 0 leads to a notice-473

able decline, confirming the necessity of entropy-474

driven regularization for effective modality integra-475

tion. However, while a small α provides insuffi-476

cient incentive, an excessively large value overem-477

phasizes modality exploration at the expense of out- 478

put stability and format adherence. Thus, α = 0.1 479

is identified as the optimal trade-off between mul- 480

timodal regularization and task-specific accuracy. 481

Figure 6: Generalization on OmniBench. EmoOmni
preserves the base model’s general capabilities without
degradation.

482

5.6 Generalization on General Multimodal 483

Tasks 484

To ensure that specializing in emotion reasoning 485

does not compromise model versatility, we evaluate 486

EmoOmni against the base Qwen2.5-Omni model 487

on OmniBench (Li et al., 2024), covering eight 488

multimodal categories. As illustrated in Figure 6, 489

EmoOmni achieves performance comparable to 490

or slightly exceeding the base model across all 491

tasks, demonstrating its immunity to catastrophic 492

forgetting. These results confirm that EmoOmni 493

significantly advances emotional reasoning while 494

fully preserving the general multimodal capabilities 495

of the underlying OLLM. 496

6 Conclusion 497

We observe the modality collapse in OLLMs 498

for emotion reasoning. To address this issue, 499

we propose OmniCoT to enforce structured evi- 500

dence extraction via modality-specific tokens and 501

DyME-GRPO to adaptively balance modality re- 502

liance using entropy-based uncertainty. Our model, 503

EmoOmni, outperforms representative OLLMs and 504

Omni-multimodal reasoning models on most met- 505

rics while preserving general capabilities. These 506

findings demonstrate the efficacy of structured rea- 507

soning and dynamic optimization, suggesting great 508

potential for this framework to enhance a wide 509

range of complex multimodal reasoning tasks be- 510

yond the emotion reasoning. 511
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Limitations512

While EmoOmni achieves significant advance-513

ments, its scope remains subject to several con-514

straints. First, this investigation is primarily cen-515

tered on the multimodal emotion reasoning domain.516

Although our results on OmniBench demonstrate517

that general capabilities are preserved, the effective-518

ness and transferability of the DyME-GRPO frame-519

work to other specialized reasoning tasks, require520

further empirical validation. Second, EmoOmni521

is a generalized framework focusing on balancing522

modality usage, but it lacks specific designs for han-523

dling severe inter-modal contradictions. In cases524

where visual and acoustic cues convey conflicting525

emotions, our current entropy-driven method may526

need additional fine-grained strategies to resolve527

these ambiguities effectively.528
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A Prompts for OmniCoT Generation 704

In this section, we provide the detailed prompts 705

used during the OmniCoT construction pipeline 706

to ensure the generation of high-quality, modality- 707

aware reasoning traces.

The Prompts for MLLMs
System Prompt: You are an emotion analysis expert. 
Please infer emotion label based on the given 
video/audio. 
User Prompt: Please infer one emotion among nine 
emotions: neutral, happy, sad, angry, fearful, worried 
and surprised.
Please output your reason about inferring the emotion:
Reason:{{The reason why you choose the emotion}}

Figure 7: Prompts of MLLMs for multimodal informa-
tion extraction

708

A.1 Multimodal Evidence Extraction 709

As illustrated in Figure 7, we utilize specialized 710

MLLMs (Qwen3-VL and Qwen2-Audio) to per- 711

form fine-grained evidence extraction from raw 712

multimodal signals: 713

Visual Modality: The prompt instructs the 714

model to describe emotion-relevant visual cues, 715
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The Prompts for LLM 
System Prompt: You are an emotion analysis expert. 
Please infer emotion label based on the given multimodal 
features. 
User Prompt: There are vision, audio and text modality 
analysis about a video.
{{Multimodal CoT}}
Please judge if the emotion of the person is {{answer}} 
and output 'yes' or 'no'. if output 'yes', please explain why.

Figure 8: Prompts of LLMs for logical-aware verifica-
tion.

which are subsequently anchored by the [vision]716

token.717

Acoustic Modality: For audio signals, the718

prompt directs the model to capture paralinguis-719

tic features including intonation, speech rate, and720

vocal intensity, placed following the [audio] token.721

A.2 Logical-Aware Verification and722

Integration723

To prevent logical contradictions or information724

insufficiency, an LLM-based verification module is725

employed, as shown in Figure 8:726

Consistency Check: The LLM is prompted727

to evaluate whether the extracted multimodal evi-728

dence (vision, audio, and text) logically supports729

the ground-truth emotion label.730

Reasoning Synthesis: If the evidence is val-731

idated, the LLM generates a cohesive reasoning732

path that synthesizes the diverse cues into a final733

analysis, triggered by the [analysis] token.734

Filtering Criterion: Any examples exhibiting735

contradictory signals or insufficient evidence for736

a definitive emotional inference are discarded to737

maintain dataset rigor.738

B Background on Group Relative Policy739

Optimization (GRPO)740

We outline the mechanics of Group Relative Policy741

Optimization (GRPO), which serves as the algorith-742

mic foundation for our proposed DyME-GRPO.743

B.1 Mechanism and Advantages744

Unlike traditional Actor-Critic reinforcement learn-745

ing frameworks, such as PPO (Schulman et al.,746

2017), which require an additional Critic model747

to estimate the value function, GRPO derives the748

baseline directly from the relative performance of749

a group of sampled outputs. As shown in Figure 3,750

for a given prompt q, the model samples a group751

of G outputs {o1, o2, . . . , oG}. By calculating the 752

mean and standard deviation of rewards within this 753

group, GRPO eliminates the need for an explicit 754

Critic network. This significantly reduces computa- 755

tional overhead and VRAM consumption, enabling 756

the optimization of large-scale omni-modal models 757

like Qwen2.5-Omni. 758

B.2 Objective Function 759

The GRPO objective maximizes a surrogate loss 760

that encourages the policy πθ to produce outputs 761

with higher-than-average rewards while staying 762

close to a reference policy πref . The objective 763

function is defined as: 764

JGRPO(θ) =
1

G

G∑
i=1

[
min

(
πθ(oi|q)
πθold(oi|q)

Âi,

clip
(

πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

)
Âi

)
−βDKL(πθ ∥ πref)]

(10) 765

where ϵ is the clipping parameter and β is the KL 766

divergence penalty coefficient. The relative advan- 767

tage Âi is computed by normalizing the rewards ri 768

within the sampled group: 769

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG}) + η
(11) 770

In our DyME-GRPO framework, the reward 771

ri is instantiated as the composite signal R = 772

αRmod + Racc × Rfmt, where Rmod leverages the 773

entropy of guided tokens to calibrate multimodal 774

reliance. 775

C Experiments Settings 776

C.1 Training Configurations 777

We adopt a two-stage training strategy to transition 778

EmoOmni from structured format imitation to dy- 779

namic modality coordination. The details of the 780

training stages and the datasets employed are as 781

follows: 782

C.1.1 Stage 1: Cold-start SFT with OmniCoT 783

In the first stage, we focus on aligning the backbone 784

Qwen2.5-Omni with our proposed token-guided 785

reasoning paradigm. 786

Dataset: We utilize the MER 2023 dataset, 787

a large-scale multimodal benchmark featuring 788

emotion-rich video clips from Chinese movies and 789

TV series. Its naturalistic human interactions and 790

multi-label annotations provide 791
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The Prompts for SFT

   "Step by step, identify the emotion expressed by the person in the video and support 
your answer with visual or auditory cues."

    "Please think step by step and infer what emotion in the video represents."

    "Please analyze the person's facial expression, tone of voice, and body language in 
the video to infer their emotional state. Explain your reasoning."

    "Describe the mood of the individual in the video. What nonverbal signals or 
situational factors suggest this emotion?"

    "Watch the video closely. What emotion is being portrayed, and how do the 
person’s actions, expressions, and environment contribute to your conclusion?"

Figure 9: Prompts of LLMs for logical-aware verification.

Data Construction: We sampled 4.4K samples792

from MER 2023 and transformed them into793

OmniCoT format. For each sample, we randomly794

select one prompt from a pre-defined instruction795

list to enhance the model’s instruction-following796

robustness. The specific prompt list used for SFT797

is provided in Figure 9.798

799

C.1.2 Stage 2: DyME-GRPO Reinforcement800

Learning801

In this stage, we transition the model from struc-802

tured imitation to autonomous affective reasoning.803

By leveraging reinforcement learning, the model804

learns to internalize the reasoning process, mov-805

ing beyond superficial pattern matching to a deeper806

understanding of multimodal emotional cues.807

Datasets (DFEW & MER 2025): We expanded808

the training pool to 17K examples derived from809

two benchmarks: DFEW, which features dynamic810

facial expressions in unconstrained environments,811

and the training set of MER 2025, which focuses812

on complex affective reasoning for OLLMs813

Objective: We apply DyME-GRPO to calibrate814

modality reliance. The model is optimized using815

a unified reward function combining format, ac-816

curacy, and the novel Dynamic Modality-Entropy817

Reward.818

C.2 Training Implementation Detail819

All experiments were conducted on a high-820

performance computing cluster equipped with821

4×NVIDIA A100 (80GB) GPUs, utilizing the ms- 822

swift library for memory-efficient training. Our 823

model is built upon the Qwen2.5-Omni backbone 824

and fine-tuned using the LoRA (Low-Rank Adap- 825

tation) technique. Specifically, we set the LoRA 826

rank to r = 8 and the scaling factor to α = 32. 827

During the SFT stage, we employed a constant 828

learning rate of 1× 10−5 with a global batch size 829

of 32. For the subsequent DyME-GRPO stage, we 830

maintained the same learning rate while setting 831

the balancing coefficient αreward for the modality- 832

entropy reward to 0.1. This optimal value, deter- 833

mined through extensive ablation studies, ensures 834

an ideal trade-off between active multimodal explo- 835

ration and output stability. 836

C.3 Evaluation Configurations 837

C.3.1 Evaluation Benchmarks 838

We assess our model on four widely-recognized 839

benchmarks that capture different aspects of emo- 840

tional expression: 841

Acted Emotional Expression: We use 842

RAVDESS and IEMOCAP, which consist of high- 843

quality recordings of professional actors perform- 844

ing specific emotional states. 845

Naturalistic Emotion (In-the-wild): We eval- 846

uate on MELD and MER 2025, which contain 847

emotion-rich clips sourced from films and TV se- 848

ries, offering more complex and spontaneous emo- 849

tional scenarios. 850
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C.3.2 Evaluation Metrics851

Performance is quantified using Weighted Accu-852

racy (WA), Unweighted Average Recall (UAR),853

and Weighted Average Recall (WAR). Let C be the854

number of emotion categories, N be the total num-855

ber of samples, and Ni be the number of samples856

in class i. Let nii denote the number of samples in857

class i that are correctly predicted. The metrics are858

defined as follows:859

• Weighted Accuracy (WA): Calculated as the860

ratio of correctly predicted samples to the total861

number of samples:862

WA =

∑C
i=1 nii

N
(12)863

• Unweighted Average Recall (UAR): The864

arithmetic mean of recall values for each class,865

providing an unbiased evaluation for imbal-866

anced datasets:867

UAR =
1

C

C∑
i=1

nii

Ni
(13)868

• Weighted Average Recall (WAR): The aver-869

age recall weighted by the number of samples870

in each class:871

WAR =
C∑
i=1

(
Ni

N
× nii

Ni

)
=

∑C
i=1 nii

N

(14)872

D Qualitative Analysis873

To further demonstrate the effectiveness of874

EmoOmni in mitigating modality collapse and875

achieving precise emotion reasoning, we provide876

two additional qualitative examples in Figure 10877

and 11.878

These cases illustrate that the guided tokens in879

OmniCoT act as explicit cognitive anchors, forc-880

ing the model to “look” and “listen” before con-881

cluding, while DyME-GRPO adaptively balances882

these signals when certain modalities provide con-883

flicting or ambiguous information.884

E Case Studies on CoT Paradigms885

In Section 5.4, we discussed the necessity of886

Guided Tokens (GTs) by comparing OmniCoT887

with other common Chain-of-Thought (CoT) for-888

mats. To provide a more intuitive understanding of889

these structural differences, we present representa- 890

tive examples of different CoT paradigms in Fig- 891

ure 12. Existing benchmarks rely on unstructured, 892

free-form reasoning, they lack explicit constraints 893

for systematic evidence extraction across modali- 894

ties. In contrast, OmniCoT utilizes Guided Tokens 895

(GTs) as cognitive anchors, forcing the model to ex- 896

plicitly traverse specific modalities like [vision] 897

and [audio] before reaching a conclusion, thereby 898

ensuring transparency and modality-aware ground- 899

ing. 900
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Qwen2.5-Omni-7b: 
Well, let's see from what I can tell about this scene with the woman looking at something off - screen while there is music playing.The setting seems to 
be indoors or maybe an office space given her attire which looks like business casual.Then without more context it s hard for me to pinpoint exactly one 
single feeling but if we have to choose based on common scenarios where such scenes might appear then perhaps she could feel surprised. Maybe 
because someone unexpected has just entered through that door behind her. So my answer would probably lean towards \"surprise\" .

EmoOmni:
<think>
[vision] The person in the image appears to be in a state of surprise or shock, with wide eyes and a slightly open mouth. There is no clear indication of 
happiness, sadness, anger, fear, disgust, or neutrality.
[audio] the sound seems to be a mix of surprise and fear.
[dialogue] None.
[analysis] the person's facial expression shows wide eyes and a slightly open mouth, which are typical signs of surprise or shock. additionally, the audio 
characteristics suggest a mix of surprise and fear, aligning with the visual cues. there is no indication of happiness, sadness, anger, fear, disgust, or 
neutrality based on the provided information.
</think>
<answer>surprise</answer>

R1-Omni:
<think>
In the video, a woman in a white shirt stands in front of a wall decorated with posters. Her facial expression is complex and subtle, with furrowed brows, 
slightly open eyes, downturned mouth, and slightly reddened pupils, revealing an inner confusion and unease. This emotion might be triggered by 
external stimuli, such as encountering unknown situations or receiving unexpected information. The entire scene conveys a sense of mystery and 
tension, prompting the audience to speculate about what has led to this particular emotional state.
</think>
<answer>neutral</answer>

Ground_truth: Surprise

Figure 10: Qualitative example from the MER2025 dataset.

Qwen2.5-Omni-7b: 
The man in the video is speaking in a calm and composed manner, with no signs of heightened emotions like rapid breathing or facial contortions that 
would suggest anger or fear. His tone is steady and measured, which is typical of a neutral emotion. Also, the content of the speech doesn't seem to 
evoke strong positive or negative reactions that would indicate happiness or sadness. It's just a straightforward statement without any emotional 
intensity. Answer: Neutral

EmoOmni:
<think>
[vision] The person in the image appears to be in a state of surprise or shock, with wide eyes and an open mouth. There is no clear indication of 
happiness, sadness, anger, fear, disgust, or neutrality.
[audio] the speaker's tone is harsh and forceful, which could indicate anger or fear. 
[dialogue] Kids are talking by the door. 
[analysis] the person's wide eyes and open mouth suggest surprise or shock rather than happiness, sadness, anger, fear, disgust, or neutrality. the 
harsh and forceful tone of the speaker might lean towards fear or anger, but the visual cues are more aligned with surprise.
</think>
<answer>angry</answer>

R1-Omni:
<think>
The video features a man dressed in black, standing against a pure white background. His expression shifts from calm to serious and then to surprised, 
with his eyes and mouth moving as if speaking. This series of facial changes suggests he is experiencing an emotional fluctuation. The audio content 
provided by the video mentions \"Kids are talking by the door,\" indicating that the characters are engaged in a lively conversation. Combining these 
elements, it can be inferred that the man is facing an unexpected situation or having had an interesting exchange, triggering his heightened emotions.
</think>
<answer>neutral</answer>

Ground_truth: Angry

Figure 11: Qualitative example from the RAVDESS dataset.
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MERR

<think>
Lexical subtitle: Dogs are sitting by the door.
Audio tone description: speaks in a fearful tone.
Visual expression description: Lower eyebrowsandLips apart showing teeth
Visual objective description: The person in the image is a young man with a serious expression on his 
face. He is wearing a black shirt and has a black background behind him. The man is standing in front 
of a white wall, and his body language suggests that he is concentrating on something.
Multimodal description: In the video, a man's facial expressions, including lowered eyebrows and lips 
apart showing teeth, suggest a strong emotional response. His fearful tone and words, \"Dogs are 
sitting by the door,\" imply a sense of alarm or anxiety, indicating that he is likely feeling 
fearful.</think>
<answer>fearful<answer>

<think>
In the video, a woman wearing traditional Chinese clothing is sitting on a chair with a man standing 
next to her. The woman's facial expression seems to be a mixture of surprise and joy, which can be 
observed from her eyes and the corners of her mouth. Her eyebrows are slightly raised and her lips 
are slightly open, indicating her reaction to something said or happening with the man next to her. On 
the other hand, the man is smiling, indicating that he may have shared a lighthearted and enjoyable 
moment with the woman. The surroundings are not very clear, but the presence of traditional Chinese 
clothing and the chair suggests that this scene may be a cultural event or formal gathering. The 
woman's reaction and the man's smile may be related to a joke or humorous situation, prompting the 
woman to display a mixture of surprise and joy. Overall, the woman and the man are enjoying a 
lighthearted and pleasant moment, sharing laughter and creating a positive atmosphere around 
them.In the audio, as an expert in the field of emotions, I can analyze the acoustic information in the 
audio to identify clues related to individual emotions. In this case, the individual's emotional state can 
be inferred through the acoustic information. 
</think>
<answer>surprise </answer>

MER 2025

OmniCoT w/o GTs

<think>
The woman appears to be in a state of surprise or shock, as indicated by her wide eyes and slightly 
open mouth. There is no clear expression of happiness, sadness, anger, fear, disgust, or neutrality. 
the speaker's tone sounds apologetic and slightly distressed. Okay, I'm sorry. tthe woman's gentle 
touch and the babies' state of surprise or curiosity suggest a moment of unexpected interaction rather 
than fear or distress. the hint of surprise in the speaker's voice aligns with the babies' reaction, 
indicating a moment of surprise rather than sadness or anger
</think>
<answer>neutral </answer>

Figure 12: Qualitative comparison of different Chain-of-Thought (CoT) paradigms. The examples from MERR and
MER 2025 illustrate unstructured, free-form reasoning which often lacks systematic modality-specific grounding.
The OmniCoT w/o GTs example demonstrates that even with high-quality reasoning text, the absence of explicit
structural anchors (Guided Tokens) can lead to disorganized evidence integration and potential modality collapse,
failing to resolve contradictions between visual and acoustic signals effectively.
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