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Abstract001

Oddly Satisfying Videos (OSVs) elicit psycho-002
logical comfort through precise audio-visual003
stimuli. However, existing MLLMs predom-004
inantly focus on high-level semantic recogni-005
tion, often overlooking fine-grained sensory dy-006
namics and underlying affective mechanisms.007
To bridge this gap, we present OSVAR, a008
psychophysics-driven multimodal framework009
designed for Oddly Satisfying Video Affec-010
tive Reasoning. The proposed OSVAR in-011
jects domain-specific sensory priors into multi-012
modal models through three distinct mecha-013
nisms: (1) Visual Haptics: which models mo-014
tion predictability via optical flow intensity to015
capture the “visual order” inherent in satisfying016
content; (2) Acoustic Purity: which aligns fea-017
tures with ASMR triggers via constraints on dy-018
namic range, non-speech probability, and tim-019
bre consistency; and (3) Synesthesia: which020
enforces cross-modal congruence via a fine-021
grained synchronization loss. Extensive ex-022
perimental results on the constructed dataset023
demonstrate that OSVAR significantly outper-024
forms state-of-the-art baselines in multiple af-025
fective reasoning tasks, offering a novel direc-026
tion for sensory-aware multimodal understand-027
ing.028

1 Introduction029

The genre of "Oddly Satisfying Videos" (OSVs)030

has evolved from a niche subculture of the031

2010s (Faramarzi, 2018) into a global phe-032

nomenon. Characterized by repetitive, rhythmic,033

and precision-executed actions like kinetic sand034

slicing or paint mixing, these videos are consumed035

not for instructional value, but for intrinsic sen-036

sory gratification (Watson, 2021). While seemingly037

recreational, the appeal of OSVs is rooted in robust038

neuroscientific principles. Neurologically, the Mir-039

ror Neuron System (MNS) facilitates embodied040

simulation, creating visual haptics, where viewers041

vicariously experience texture and resistance solely042

through visual stimuli (Fadiga et al., 1995; Maeda 043

et al., 2002; Patuzzo et al., 2003). Psychologically, 044

the hyper-predictability of these videos aligns with 045

the brain’s regulation of uncertainty, modulating 046

neural reward systems (Vanhersecke, 2021). Phys- 047

iologically, this sensory integration often culmi- 048

nates in Autonomous Sensory Meridian Response 049

(ASMR), a phenomenon driven by synesthesia, de- 050

fined as the strict cross-modal congruence between 051

visual action and auditory feedback (Sumpf et al., 052

2015). 053

Despite this profound psychophysical basis, 054

current Multimodal Large Language Models 055

(MLLMs) faces a critical bottleneck of "semantic- 056

sensory gap" (Guo et al., 2025). Existing 057

MLLMs (Tong et al., 2022; Li et al., 2024b; Jin 058

et al., 2024; Ye et al., 2024) prioritize high-level se- 059

mantic recognition (e.g., identifying ”a person cut- 060

ting soap”) while neglecting the fine-grained phys- 061

ical dynamics (e.g., flow smoothness and textural 062

brittleness) that drive human affective responses. 063

Furthermore, the oddly satisfying experience is 064

intrinsically multimodal on the temporal isomor- 065

phism between sight and sound, and conventional 066

audio-visual frameworks (Sardari et al., 2024; Mo 067

and Morgado, 2023; Vilaca et al., 2025) typically 068

treat modalities as loosely coupled streams, failing 069

to verify sensory congruence. Without modeling 070

this micro-level synchronization, models cannot 071

distinguish between a genuinely satisfying video 072

and one with asynchronous or disjointed audio. 073

Furthermore, most public datasets (Yang et al., 074

2003; Saikh et al., 2022; Rawal et al., 2024; Fu 075

et al., 2025; Swetha et al., 2025) focus on fac- 076

tual captioning or standard QA, limiting models 077

to generating superficial descriptions (e.g., "This is 078

satisfying") without providing grounded reasoning 079

based on psychophysical priors. This semantic- 080

sensory gap prevents MLLMs from achieving 081

human-like empathy in understanding sensory com- 082

fort. Therefore, constructing a high-quality, inter- 083
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pretable dataset is pivotal to bridge the affective gap084

between low-level sensory cues and high-level psy-085

chological perception. Such detailed annotations086

are essential for empowering models to understand087

why specific visual-auditory patterns effectively al-088

leviate stress and induce satisfaction.089

To bridge this semantic-sensory gap, we pro-090

pose OSVAR (Oddly Satisfying Video Affective091

Reasoning), a novel multimodal framework driven092

by psychophysical priors. Unlike generic MLLMs,093

OSVAR explicitly models the predictability and094

congruence inherent in oddly satisfying content.095

Specifically, we first propose a motion predictabil-096

ity module utilizing optical flow intensity to capture097

the "visual order" (e.g., smoothness and rhythm)098

of physical dynamics. For the auditory modality,099

we impose strict auditory texture constraints, in-100

cluding low dynamic range, non-speech probabil-101

ity, and timbre consistency, to align the encoder102

with the acoustic purity of ASMR triggers. Cru-103

cially, to computationally model synesthesia, we104

design a fine-grained audio-visual synchronization105

loss, forcing the model to learn the precise tempo-106

ral alignment between visual action and auditory107

content.108

Furthermore, addressing the scarcity of reason-109

ing data, we construct an automated Multi-Expert110

Data Pipeline. Leveraging specialized vision and111

audio expert to excavate fine-grained semantic de-112

tails, we curate a large-scale dataset comprising113

12,000 oddly satisfying videos, richly annotated114

with psychophysical stress-relieving attributes. Ex-115

tensive experiments, encompassing both classifi-116

cation benchmarks and interpretable evaluations,117

validate the effectiveness of our proposed method.118

The main contributions of this paper are summa-119

rized as follows:120

• We propose OSVAR, the first MLLM frame-121

work to ground affective reasoning in psy-122

chophysical priors, specifically designed123

for affective reasoning in Oddly Satisfying124

Videos.125

• We construct a comprehensive OSV Dataset126

(OSVD) with 10 fine-grained categories via127

an automated expert-model pipeline, address-128

ing the data scarcity in affective reasoning.129

• Extensive experiments demonstrate the ef-130

fectiveness of OSVAR, which achieves state-131

of-the-art performance in binary satisfaction132

judgment, fine-grained category classification,133

and the rationality of affective explanations.134

2 Related work 135

2.1 MLLMs and Audio-Visual Synesthetic 136

Learning 137

Recent advancements in MLLMs, such as Qwen- 138

VL (Xu et al., 2025), LLaVA-Next-Video (Li 139

et al., 2024a), and GPT-4V (Yang et al., 2023), 140

have demonstrated their remarkable capabilities 141

in general video understanding. Although these 142

models excel at semantic analysis, a significant 143

semantic-sensory gap remains: while existing mod- 144

els can describe what is happening (e.g., "cutting 145

soap"), they struggle to perceive how it feels (e.g., 146

the tactile smoothness or auditory crispness). 147

In the realm of audio-visual synesthetic learning, 148

traditional approaches like ImageBind (Girdhar 149

et al., 2023) and AudioCLIP (Guzhov et al., 2022) 150

have successfully aligned modalities into a shared 151

embedding space. Yet, these methods typically 152

focus on coarse-grained semantic correspondence 153

(e.g., matching a dog image to a bark). They often 154

overlook the fine-grained temporal synchronization 155

and textural congruence required for affective rea- 156

soning. Recent method like Synchformer (Iashin 157

et al., 2024) have begun to focus audio-visual syn- 158

chronization, trying to segment videos in pieces to 159

align video and audio precisely. In oddly satisfy- 160

ing videos, the sensation of relief relies on Synes- 161

thesia—the precise, microsecond-level alignment 162

between visual kinematics and auditory feedback, 163

which is crucial for oddly satisfying feature extract- 164

ing. 165

2.2 Video Affective Reasoning 166

Video affective reasoning methods can be catego- 167

rized into two classes: analyzing the emotions of 168

characters in a video and predicting viewers’ affec- 169

tive response to a video. The former relies on facial 170

expression recognition, which have been widely 171

studied (Srivastava et al., 2023; Lee et al., 2019; 172

Kosti et al., 2019; Yang et al., 2024). We target 173

the latter, which is more challenging, since it re- 174

quires not only video content understanding but 175

also commonsense knowledge of human reaction. 176

A recent work named StimuVAR (Guo et al., 177

2025) have begun to explore user-side induced 178

emotions, they use event-driven frame sampling 179

and emotion-triggered tube selection strategies to 180

capture the key frame and tube for affective stimuli. 181

However, StimuVAR suffers from limited general- 182

ization, particularly for OSVs, where satisfaction 183

emerges not from abrupt stimuli, but from conti- 184
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nuity, rhythm, and predictability. Existing frame-185

works lack the capability to model this "process-186

oriented" affect, pushing us to design a model that187

can interpret the soothing dynamics of continuous188

visual-audio flows rather than just detecting sudden189

visual stimulus.190

2.3 Scientific Analysis of Oddly Satisfying191

Videos192

The psychological appeal of oddly satisfying193

videos (OSVs) is not arbitrary. it is deeply rooted194

in specific neuroscientific mechanisms. We ana-195

lyze three core frameworks that explain this phe-196

nomenon.197

Mirror neurons and visual haptics. Research198

indicates that observing physical actions triggers199

the Mirror Neuron System (MNS), creating a "vi-200

sual haptic" simulation where viewers mentally201

feel the texture and resistance of materials (Fadiga202

et al., 1995; Maeda et al., 2002; Patuzzo et al.,203

2003). This justifies our incorporation of optical204

flow features, enabling the model to perceive the205

physical dynamics essential for this embodied sim-206

ulation.207

Predictive coding and dopamine loops. Ac-208

cording to Predictive Coding Theory (Friston,209

2012), the brain seeks to minimize sensory un-210

certainty. OSVs provide hyper-predictable visual211

patterns (e.g., perfect slicing). The successful pre-212

diction of these smooth motions triggers reward213

responses (dopamine release). We map this pre-214

dictability prior to our motion level prediction mod-215

ule, training the model to recognize ordered mo-216

tion.217

ASMR and synesthesia. ASMR relies on spe-218

cific acoustic properties—typically low dynamic219

range and non-speech textures (Yusaira and Ben-220

nett, 2021). Furthermore, the immersion depends221

on Synesthesia, in other words cross-modal con-222

gruence (Poerio et al., 2018). We operationalize223

these biological findings into our loss landscape:224

auditory texture is modeled via explicit audio con-225

straints, while synesthesia is enforced through a226

fine-grained InfoNCE loss, ensuring the model227

learns the precise harmony between video and au-228

dio.229

3 Methodology230

3.1 Overview231

We present OSVAR, a unified multimodal frame-232

work designed to decode the psychophysical mech-233

anisms underlying sensory satisfaction. As illus- 234

trated in Figure 1, we introduce a specialized input 235

formulation and a psychophysics-driven training 236

paradigm to transcend generic semantic understand- 237

ing and capture the subtle sensory dynamics of 238

satisfaction. 239

Formally, the framework operates on a 240

multimodal input triplet denoted as I = 241

{Vrgb, Vflow, Araw}. Here, Vrgb represents the se- 242

quence of raw RGB frames, which provides essen- 243

tial appearance information such as object identity 244

and material texture. Vflow denotes the optical flow 245

sequence extracted from adjacent frames to explic- 246

itly capture the fluidity and rhythm of physical 247

dynamics. Araw denotes the raw audio waveform 248

in form of Mel-spectrogram to encode the fine- 249

grained auditory textures essential for ASMR-like 250

triggers. 251

The core training objective is to inject psy- 252

chophysical priors—specifically visual haptics, 253

acoustic purity, and synesthesia—into the latent 254

embedding space via three auxiliary modules: the 255

visual perception enhancement module, the au- 256

dio conditional constraint module, and the audio- 257

visual synesthesia module. To translate these sen- 258

sory features into linguistic reasoning, we employ a 259

structured fine-tuning strategy. Specifically, we de- 260

sign the prompt to enforce a hierarchical reasoning 261

chain, requiring the model to sequentially output 262

a binary satisfaction judgment, a fine-grained cat- 263

egory classification (e.g., kinetic sand, precision 264

slicing), and finally, a grounded affective explana- 265

tion. This structured output format ensures that 266

the generated text is not merely descriptive but is 267

logically grounded in the specific sensory cues ex- 268

tracted by our auxiliary modules. 269

3.2 Visual Perception Enhancement Module: 270

Modeling Motion Predictability 271

The visual allure of oddly satisfying videos stems 272

not merely from static objects, but from the visual 273

order of their movement, such as the laminar flow 274

of fluids or the rhythmic slicing of kinetic sand. 275

Standard RGB encoders, however, often struggle 276

to decouple these fine-grained physical dynamics 277

from background semantics, leading to a deficiency 278

in visual haptics. To bridge this gap, we introduce 279

a dual-stream mechanism centered on optical flow 280

to model motion predictability. 281

We employ a visual encoder to extract feature 282

representations for both RGB frames (Frgb) and 283

optical flow (Fflow). To fuse these modalities ef- 284

3



𝑭𝒇𝒖𝒔𝒆𝒅

Raw Data

Audio

Video

Optical Flow

𝑨𝒓𝒂𝒘

𝑽𝑹𝑮𝑩

𝑽𝒇𝒍𝒐𝒘

Audio Encoder

Vision Encoder

LLM 
Decoder

𝑭𝒂𝒖𝒅𝒊𝒐

Flow Magnitude 
Vector

Mel-spectrum 
Energy stdDev

Speechness Score

Spectral Entropy

𝑭𝒂𝒖𝒅𝒊𝒐

𝑭𝑅𝐺𝐵

𝑳𝑡𝑖𝑚𝑏𝑒𝑟

𝑭𝑓𝑙𝑜𝑤

𝑭𝑅𝐺𝐵

𝑳𝑠𝑝𝑒𝑒𝑐ℎ

𝑳𝑙𝑑𝑟

𝑳𝒎𝒐𝒕𝒊𝒐𝒏

𝑳𝒗_𝒄𝒐𝒏𝒗

𝐹𝑣_1 𝐹𝑣_𝑡

𝐹𝑎_1 𝐹𝑎_𝑡

𝑳𝒔𝒚𝒏𝒄

𝑳𝑳𝑳𝑴

Figure 1: The architecture of OSVAR. The Visual Perception Enhancement Module leverages optical flow
and motion prediction to explicitly model the fluidity and visual haptics of physical dynamics, while the Audio
Conditional Constraint Module enforces acoustic purity through low dynamic range, non-speech, and timbre
regularization to encode sensory texture. Crucially, the Audio-Visual Synesthesia Module captures the micro-level
temporal congruence between visual action and auditory feedback. Finally, we employ prompt fine-tuning to
translate these psychophysical priors into linguistic reasoning.

fectively, we first implement a contrastive align-285

ment strategy. By applying a contrastive loss, we286

enforce the semantic alignment between the static287

appearance of an object (e.g., a knife) and its cor-288

responding kinematic tendencies (e.g., a smooth289

downward motion). The loss is formulated as:290

Lconv = −
N∑
i=1

log
exp(sim(f i

rgb, f
i
flow)/τ)∑N

j=1 exp(sim(f i
rgb, f

j
flow)/τ)

,

(1)291

where N denotes the batch size and τ is the tem-292

perature parameter.293

Furthermore, to explicitly encode motion pre-294

dictability, we introduce a motion prediction head.295

This MLP-based module takes the RGB features296

Frgb as input and is trained to regress the average297

optical flow magnitude vector of the scene. By298

minimizing the regression loss299

Lmotion = ||MLP(Frgb)− Magnitude(Vflow)||22,
(2)300

we compel the visual encoder to infer the underly-301

ing physical laws of motion, such as smoothness302

and velocity, directly from visual cues, thereby sim-303

ulating the brain’s predictive coding mechanism.304

3.3 Audio Conditional Constraint Module: 305

Encoding Auditory Texture 306

In the auditory domain, the sensation of relief is 307

characterized by acoustic purity. Unlike generic au- 308

dio recognition which focuses on semantic events 309

(e.g., “a dog barking”), affective reasoning requires 310

discerning the texture and stability of sound. To 311

align the audio encoder with these specific physical 312

characteristics, we impose a set of three distinct 313

constraints, formally defined as follows: 314

1. Low Dynamic Range Constraint. Psycholog- 315

ically, satisfying sounds are typically consistent, 316

devoid of abrupt, jarring noises (e.g., screams or 317

explosions) that induce a startle response. We quan- 318

tify this attribute using spectrum energy dynamic 319

range, calculated as the standard deviation of the 320

frame-level Mel-spectrogram energy, denoted as 321

σE . To enforce the encoder to capture this tempo- 322

ral stability, we employ a predictor head Hldr to 323

regress this statistic: 324

Lldr = ||Hldr(Faudio)− σE ||22, (3) 325

where Faudio represents the global audio feature 326

embedding. 327

2. Non-speech probability Constraint. Deep im- 328
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mersion relies on physical sounds (e.g., crunch-329

ing, flowing). Clear human speech often acti-330

vates language processing regions (e.g., Broca’s331

area (Flinker et al., 2015)), breaking the sen-332

sory immersion. To penalize semantic interfer-333

ence, we leverage a teacher-student distillation ap-334

proach. We utilize the pre-trained MLLM(in zero-335

shot mode) to generate a speech probability score336

Steacher ∈ [0, 1] for each clip. A lightweight pre-337

dictor Hspeech is then optimized to approximate338

this teacher distribution, compelling the encoder to339

prioritize physical textures over verbal semantics:340

Lspeech = ||Hspeech(Faudio)− Steacher||22. (4)341

3. Timbre Consistency Constraint. High-quality342

ASMR triggers, such as white noise or rain sounds,343

exhibit a stable spectral structure over time. To344

capture this, we utilize spectral entropy as a proxy345

for timbre consistency. We compute the normal-346

ized spectral entropy H = −
∑

pi log pi on the347

frequency spectrum. The model is trained to infer348

this structural complexity via the regression loss:349

Ltimbre = ||Htimbre(Faudio)−H||22. (5)350

By minimizing the summation of these con-351

straints, i.e., Laudio = Lldr + Lspeech + Ltimbre,352

OSVAR explicitly learns to encode the acoustic353

properties essential for psychological relief.354

3.4 Audio-Visual Synesthesia Module355

The most critical component of our framework356

addresses synesthesia—the psychological phe-357

nomenon where satisfaction arises from the precise358

temporal congruence between visual action and359

auditory feedback. Conventional video-text align-360

ment methods typically aggregate features globally,361

thereby ignoring the micro-level synchronization362

required for satisfying sensation.363

To capture this fine-grained interplay, we employ364

an InfoNCE-based synesthetic alignment mech-365

anism. We segment the input video and audio366

streams into T synchronized segments. For each367

temporal segment t, the visual feature vt and the368

corresponding audio feature at constitute a posi-369

tive pair, while mismatched pairs serve as negative370

pairs. The synchronization loss is defined as:371

Lsync = −
T∑
t=1

log
exp(sim(vt, at)/τ)∑
j ̸=t exp(sim(vt, aj)/τ)

.

(6)372

Minimizing Lsync forces the model to discriminate 373

strictly synchronized signals from asynchronous 374

ones. Ideally, this models the sensory congruence, 375

ensuring that a specific auditory texture (e.g., a 376

“crunch”) is validated only if it perfectly aligns tem- 377

porally with the corresponding visual event (e.g., 378

a “fracture”), thus mimicking the human neural 379

response to synesthetic stimuli. 380

3.5 Optimization Objective 381

Consequently, the overall training of OSVAR is 382

formulated as a multi-modal learning problem. The 383

total objective function is a weighted sum of the 384

primary fine-tuning task and the proposed sensory- 385

aware auxiliary tasks: 386

Ltotal = LLLM + λ1Lmotion + λ2Lconv

+ λ3(Lldr + Lspeech + Ltimbre) + λ4Lsync

(7)
387

where LLLM represents the standard auto- 388

regressive cross-entropy loss of baseline language 389

models, and λ1..4 are hyperparameters balancing 390

the contribution of each psychophysical constraint. 391

This composite objective ensures that OSVAR si- 392

multaneously acquires high-level semantic reason- 393

ing capabilities and fine-grained, affect-driven sen- 394

sory perception. 395

4 Experiments 396

4.1 Experimental Settings 397

Dataset. To facilitate rigorous evaluation, we 398

construct the Oddly Satisfying Video Dataset 399

(OSVD), a large-scale multimodal corpus gen- 400

erated via an automated curation pipeline. The 401

dataset comprises 12,000 video-text pairs, meticu- 402

lously annotated with a hierarchical label structure: 403

(1) A binary label indicating satisfaction status; (2) 404

A fine-grained label covering 11 specific categories 405

(e.g., Kinetic Sand, Soap Cutting, Unknown); and 406

(3) An affective explanation that provides detailed 407

reasoning for the satisfaction mechanism. To con- 408

struct these explanations, we employ a multi-stage 409

pipeline: rich visual and acoustic semantic details 410

are first independently extracted by the expert mod- 411

els Molmo2-8B (Deitke et al., 2024) and Music- 412

Flamingo (Ghosh et al., 2025), respectively. Subse- 413

quently, Gemini (Gemini Team and Google, 2024) 414

serves as a reasoning core to synthesize these multi- 415

modal insights, generating a holistic interpretation 416

of the video’s stress-relieving effects. We randomly 417
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partition the dataset into training, validation, and418

testing sets with a ratio of 4:1:1.419

Baselines. We benchmark OSVAR against a com-420

prehensive suite of state-of-the-art models, catego-421

rized into three groups:422

• Open-source MLLMs: We include Video-423

LLaMA 2 (Zhang et al., 2023), LLaVA-NeXT-424

Video (Li et al., 2024a), and the recent425

Molmo2-8B (Deitke et al., 2024) to evaluate426

general video understanding capabilities.427

• Foundation Base: We utilize the Qwen2.5-428

Omni (Jin Xu, 2025) model (in both zero-shot429

and few-shot settings) as a baseline for our430

backbone architecture.431

• Proprietary SOTA: We also compare against432

closed-source frontiers, Doubao-seed1.6 (Vol-433

cano Engine, 2024) to assess the gap with434

commercial-grade systems.435

Evaluation Metrics. Our evaluation protocol is436

three-fold: (1) Classification Metrics: We report437

accuracy for both binary (satisfying/not) and fine-438

grained (11-class) tasks. (2) Generation Metrics:439

We calculate the semantic similarity (using em-440

beddings) between the generated explanations and441

the expert-annotated ground truth. (3) LLM-as-a-442

Judge: Following recent trends (Li et al., 2025),443

we employ Gemini-3 as an impartial judge to score444

generated explanations (0-5 scale) across three di-445

mensions: rationality (logical coherence), sensory446

detail (richness of texture descriptions), and AV447

correlation (audio-visual alignment).448

4.2 Main Results449

Table 1 presents a comprehensive quantitative eval-450

uation across binary satisfaction judgment, fine-451

grained classification, and semantic explanation452

quality.453

Initially, a distinct performance disparity is ob-454

served between standard open-source MLLMs and455

our proposed framework. As shown in the first456

block, general-purpose models such as Video-457

LLaMA 2 and Molmo2-8B exhibit limited capabil-458

ity in fine-grained reasoning, achieving only 22.7%459

and 28.2% accuracy on the 11-class task, respec-460

tively. This suboptimal performance empirically461

corroborates the existence of the semantic-sensory462

gap: without explicit guidance, generic video en-463

coders struggle to perceive the micro-level physical464

dynamics (e.g., flow viscosity) and audio-visual465

synchronization essential for distinguishing spe- 466

cific satisfaction categories. In stark contrast, OS- 467

VAR (Full Model) significantly elevates this base- 468

line, demonstrating that psychophysical priors are 469

indispensable for decoding affective content. 470

More strikingly, OSVAR challenges the prevail- 471

ing assumption that model scale is the sole determi- 472

nant of performance. In the 11-class fine-grained 473

classification, our model achieves a state-of-the- 474

art accuracy of 66.7%, surpassing not only the 475

strongest open-source baselines but also the propri- 476

etary giant, doubao-seed1.6 by 3.9%. This result 477

is particularly profound as it suggests that for spe- 478

cialized psychophysical tasks, a compact model 479

equipped with domain-specific sensory mecha- 480

nisms can outperform significantly larger founda- 481

tion models that rely on generic pre-training. 482

While the proprietary doubao-seed1.6 maintains 483

a slight edge in semantic similarity (0.76), OS- 484

VAR demonstrates remarkable competitiveness. It 485

successfully outperforms the commercial Doubao- 486

seed1.6 model in binary classification by 1.9%. 487

This indicates that while foundation models ex- 488

cel at general semantics, OSVAR provides a highly 489

efficient and potent alternative for domain-specific 490

affective reasoning, achieving above-SOTA per- 491

formance with a fraction of the computational re- 492

sources. 493

4.3 Comparison with Specialized VAR 494

Methods 495

To further delineate the efficacy of our motion- 496

centric paradigm, we benchmark OSVAR against 497

StimuVAR (Guo et al., 2025), a specialized Video 498

Affective Reasoning (VAR) framework designed 499

for arousal detection via key-frame extraction. As 500

detailed in Table 2, the results yield two pivotal 501

insights regarding the nature of satisfaction reason- 502

ing. 503

First, OSVAR (Full Model) significantly outper- 504

forms the standard StimuVAR baseline, achieving 505

a substantial gain of 23.8% in fine-grained accu- 506

racy. This performance disparity can be attributed 507

to the fundamental difference in affective triggers: 508

while StimuVAR relies on detecting abrupt frames 509

or editing points to gauge arousal, the sensation of 510

satisfaction in OSVs is intrinsically tied to continu- 511

ous temporal processes. StimuVAR’s discrete sam- 512

pling strategy inadvertently discards these critical 513

motion dynamics, whereas OSVAR’s flow-based 514

approach effectively preserves the visual haptics 515

essential for fine-grained classification. 516

6



Table 1: Main Comparison with State-of-the-Art Methods. We report the binary accuracy, fine-grained (11-Class)
accuracy, and semantic similarity (Sem. Sim) with ground truth explanations. OSVAR significantly outperforms
open-source baselines and achieves competitive performance against proprietary giants in fine-grained reasoning.

Category Model Binary Acc (%) 11-Class Acc (%) Sem. Sim (0-1)

Open-source
Video-LLaMA 2 (Zhang et al., 2023) 56.2 22.7 0.38
LLaVA-NeXT-Video (Li et al., 2024a) 58.9 21.3 0.41
Molmo2-8B (Deitke et al., 2024) 65.3 28.2 0.45

Base Model
Qwen2.5-Omni 7B (Jin Xu, 2025) (Zero-shot) 70.3 34.4 0.49
Qwen2.5-Omni 7B(Few-shot) 74.1 38.2 0.52

Ours OSVAR (Auto-reg) 83.3 45.8 0.61

Close-source doubao-seed1.6 (Volcano Engine, 2024) 86.7 62.8 0.76

Ours OSVAR (Full Model) 88.6 66.7 0.73

Table 2: Comparison with Specialized VAR Methods.
Our approach outperforms StimuVAR for satisfaction
classification.

Method Configuration Binary Acc 11-Class Acc

StimuVAR (Guo et al., 2025) 64.8 32.5
StimuVAR (Auto-reg) 82.4 44.9
StimuVAR + our Audio Loss 84.6 48.1

OSVAR (Full Model) 88.6 66.7

Second, combing StimuVAR with our audio sup-517

plementary module can improve semantic under-518

standing of the model, but there still exist a 4% gap519

between this combing methods and our OSVAR.520

4.4 Ablation Study521

To disentangle the contribution of each psychophys-522

ical constraint to the final performance, we conduct523

a systematic ablation study. As detailed in Table 3,524

the results validate the indispensability of each pro-525

posed module.526

The introduction of the visual perception en-527

hancement Module yields a marked improvement528

of +9.6% in fine-grained accuracy. This substan-529

tial gain underscores the hypothesis that satisfac-530

tion categories are defined not merely by static531

objects (e.g., sand), but by their kinematic dynam-532

ics. By explicitly modeling motion predictability,533

the model effectively captures the distinct visual534

haptics required for fine-grained classification.535

Notably, the audio-visual synesthesia module536

emerges as the most dominant individual compo-537

nent, boosting the 11-class accuracy by +11.4%.538

This result empirically confirms that the core of539

the oddly satisfying experience lies in synesthe-540

sia. Without this synchronization constraint, even541

a powerful MLLM fails to verify whether a sound542

genuinely originates from the visual interaction,543

Table 3: Ablation Study. Each component contributes
to the performance, with audio-visual synthetic module
the greatest.

Config Components Binary 11-Class
Video Audio Sync Acc Acc

Base (auto-reg) × × × 83.3 45.8
+ Video ✓ × × 85.7 55.4
+ Audio × ✓ × 83.4 46.2
+ AV-Sync × × ✓ 86.3 57.2

Full ✓ ✓ ✓ 88.6 66.7

leading to misclassifications in complex scenarios. 544

An interesting observation is that the audio con- 545

straint alone provides only marginal gains. This 546

suggests that while acoustic purity is a necessary 547

condition for satisfaction, it is not sufficient for dis- 548

crimination without visual context. However, when 549

integrated into the full model, these components 550

demonstrate a powerful synergistic effect, elevating 551

the performance to 66.7%. This peak performance 552

indicates that OSVAR successfully learns a holistic 553

representation where visual haptics, acoustic purity, 554

and synesthesia mutually reinforce one another to 555

decode the complex affect of satisfaction. 556

4.5 Evaluation of Explanation Quality 557

We also employ "LLM-as-a-Judge" to evaluate the 558

reasoning quality. As shown in Table 4, the base- 559

line Qwen2.5-Omni typically generates generic de- 560

scriptions, resulting in low scores for Sensory De- 561

tail (2.8/5). Conversely, OSVAR achieves a high 562

Sensory Detail score of 4.5/5, indicating its ability 563

to articulate specific textural properties. Moreover, 564

the AV Correlation score improves drastically to 565

4.2, validating that our synesthesia module success- 566

fully teaches the model to ground its reasoning in 567

the synchronization of sight and sound. 568
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Table 4: LLM-as-a-Judge Evaluation. Scores (0-5) by
Gemini-3 on three psychophysical dimensions.

Model Rationality Sensory AV-Corr Avg

Video-LLaMA 2 2.5 1.9 1.5 1.97
Qwen2.5-Omni 3.5 2.8 2.8 3.03

OSVAR (Ours) 4.6 4.5 4.2 4.43

Figure 2: A case study to demonstrate the supercity of
our OSVAR framework in affective reasoning.

4.6 Case Study569

Figure 2 presents a representative sample (slic-570

ing gold egg) to illustrate the qualitative dispar-571

ity between models. The ground truth explic-572

itly attributes the sensation of relief to "pseudo-573

haptic cues", linking the "visual predictability" and574

"acoustic purity" to a psychological state of vicari-575

ous control. In stark contrast, the baseline model576

suffers from severe object hallucination and affec-577

tive misalignment. It misidentifies the gold soap as578

a cat holding a gold bar and defaults to a generic579

emotional guess (amusement, cute). This failure580

highlights the limitation of standard encoders: they581

prioritize high-level semantic objects (nouns) while582

overlooking the fine-grained physical dynamics583

(verbs and adjectives) essential for satisfaction rea-584

soning.585

Conversely, OSVAR demonstrates a human-like586

understanding of the decompression mechanism.587

First, it accurately grounds the visual content588

(“knife slicing through soap”), proving the effec-589

tiveness of our visual perception enhancement in590

capturing distinct material textures. Second, it ex-591

plicitly articulates the “smooth and deliberate mo-592

tion” (visual flow) and the “crisp sound” (auditory593

texture), aligning perfectly with our audio condi-594

tional constraints. Crucially, OSVAR bridges the595

sensory cues to the psychological outcome, explain-596

ing how the combination triggers a “sense of order597

being maintained.” This confirms that OSVAR 598

does not merely caption the scene but decodes the 599

underlying logic of satisfaction. 600

5 Conclusion 601

In this paper, we introduce OSVAR, the first mul- 602

timodal framework dedicated to decoding the psy- 603

chophysical mechanisms behind oddly satisfying 604

videos. By bridging the gap between low-level 605

sensory signals and high-level affective reasoning, 606

we propose a novel training paradigm that injects 607

priors of visual haptics, acoustic purity, and synes- 608

thesia into Large Language Models. Extensive 609

experiments on our newly curated OSVD dataset 610

demonstrate that OSVAR significantly outperforms 611

state-of-the-art MLLMs in fine-grained satisfaction 612

classification and explanation generation. Beyond 613

technical metrics, this work offers a promising di- 614

rection for digital psychotherapy, illustrating how 615

AI can act not merely as a passive observer, but 616

as an empathetic partner capable of understanding 617

human sensory relief. 618

6 Limitations 619

Despite the promising results, our current frame- 620

work entails two primary limitations. First, the 621

dependence on explicit optical flow extraction in- 622

troduces significant computational overhead, po- 623

tentially hindering real-time deployment on edge 624

devices. Future work could explore implicit mo- 625

tion modeling or lightweight flow distillation tech- 626

niques. Second, our model currently predicts the 627

consensus of satisfaction, overlooking the inherent 628

subjectivity of affective perception (e.g., Misopho- 629

nia, where specific sounds trigger negative reac- 630

tions in certain individuals). We plan to extend 631

OSVAR towards personalized affective reasoning, 632

incorporating user-specific feedback loops to tailor 633

the sensory analysis to individual psychological 634

profiles. 635

7 Ethical Considerations 636

7.1 Data Usage 637

This study utilizes publicly accessible videos from 638

YouTube, adhering strictly to their respective terms 639

of service. We only collect data that is openly avail- 640

able to all users, avoiding any private or sensitive 641

information. To protect user privacy, all personal 642

identifiers have been removed or anonymized prior 643

to analysis. We recognize the ethical responsibility 644
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to handle user-generated data respectfully and en-645

sure that our analyses do not infringe on individual646

rights or lead to unintended harm.647

7.2 Code and Transparency648

We are committed to transparency and reproducibil-649

ity in our research. To this end, we plan to release650

the code, fine-tuned models, and the OSVD dataset651

(subject to platform policies and privacy considera-652

tions) to enable verification and further research by653

the community. Detailed documentation and usage654

guidelines will accompany the release to promote655

responsible use. We acknowledge the importance656

of providing clear explanations of model capabili-657

ties and limitations to prevent misuse or overinter-658

pretation of our findings.659
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