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Abstract001

Vision Language Models (VLMs) are becom-002
ing increasingly integral to multimedia un-003
derstanding; however, they still struggle with004
domain-specific video classification tasks, par-005
ticularly in cases with limited data. This stems006
from a critical rationale gap, where sparse do-007
main data is insufficient to bridge the seman-008
tic distance between complex spatio-temporal009
content and abstract classification labels. To010
bridge the gap, we propose a two-stage self-011
improvement paradigm without new annota-012
tions. First, we prompt the VLMs to generate013
detailed textual rationales for each video, com-014
pelling them to articulate the domain-specific015
logic. The VLM is then fine-tuned on these016
self-generated rationales, utilizing this inter-017
mediate supervision to align its representa-018
tions with the nuances of the target domain.019
Second, conventional supervised fine-tuning020
(SFT) is performed on the task labels, achieving021
markedly higher effectiveness as a result of the022
model’s pre-acquired domain reasoning. Ex-023
tensive experiments on diverse datasets demon-024
strate that our method significantly outperforms025
direct SFT, validating self-generated rationale026
as an effective, annotation-efficient paradigm027
for adapting VLMs to domain-specific video028
analysis.029

1 Introduction030

Automated video analysis is increasingly vital031

in modern industrial settings, offering substan-032

tial gains in efficiency, safety, and quality con-033

trol (Tang et al., 2025). In manufacturing, for in-034

stance, vision systems monitor assembly lines to de-035

tect subtle product defects with superhuman consis-036

tency (He et al., 2023), optimize workflows (Ravin-037

dran, 2023), and enforce safety protocols by en-038

suring compliance with protective equipment stan-039

dards (Saurez et al., 2023). Despite their impor-040

tance, these applications present a significant chal-041

lenge for modern computer vision models (Shaar042

et al., 2025). The video data from specialized in- 043

dustrial environments, which are characterized by 044

repetitive processes and minute visual anomalies, 045

differ drastically from the general, human-centric 046

video datasets (e.g., Kinetics (Kay et al., 2017)) 047

used to train prominent models, creating a sub- 048

stantial “domain gap” that hinders out-of-the-box 049

performance. 050

The current state-of-the-art in visual analy- 051

sis (Luo et al., 2025; Ke et al., 2025; Hong et al., 052

2024; Ruthardt et al., 2024) is led by Large Vision- 053

Language Models (LVLMs), which are pre-trained 054

on vast internet-scale datasets of image-text pairs 055

to learn a rich, generalizable understanding of 056

the world (Radford et al., 2021; Li et al., 2024a; 057

Zhou et al., 2024; Xu et al., 2024). Their ability 058

to perform zero-shot classification by aligning vi- 059

sual information with natural language prompts 060

makes them incredibly powerful (Li et al., 2025; 061

Spinaci et al., 2025; Baia et al., 2025; Singh et al., 062

2024; Lavoie et al., 2024). However, this reliance 063

on general-domain knowledge becomes a critical 064

weakness when deploying these models in special- 065

ized industrial contexts. The visual and linguis- 066

tic chasm between web data and industrial video 067

leads to a sharp decline in performance (Abdul- 068

lah et al., 2025; Rädsch et al., 2025; Fang et al., 069

2024; Li et al., 2024b; Parashar et al., 2024; Jiang 070

et al., 2024). An LVLM’s understanding of an ab- 071

stract label like “defective” is built from diverse 072

web images of torn clothes or dented cans. When 073

faced with a hairline fracture on a turbine blade, 074

the model fails not just because the visual features 075

are unfamiliar, but because they do not align with 076

its pre-existing, generalized concept of “defective”, 077

rendering the classification labels ineffective. 078

The standard method for adapting a pre-trained 079

model to a new domain is supervised fine-tuning 080

(SFT) with a labeled dataset (Zhang et al., 2023b). 081

While direct SFT can provide modest improve- 082

ments, its effectiveness is often limited by a deeper 083
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issue: a semantic gap between the complex video084

content and the sparse classification labels. High-085

level labels like “pass” or “fail” provide a weak086

supervisory signal, making it difficult for the model087

to learn the intricate visual patterns of the new do-088

main. This forces the model into an inefficient089

learning scenario, where it must simultaneously090

master the visual grammar of a new environment091

(e.g., unique lighting, materials, and motion) and092

map it to a simple label. This often leads to overfit-093

ting on superficial correlations rather than a robust,094

causal understanding of the task, thereby limiting095

performance gains (Hu et al., 2025; Niu et al., 2025;096

Han et al., 2024; Moenck et al., 2024).097

To address these limitations, we introduce a098

novel rationale-bootstrapped two-stage fine-tuning099

framework. Our approach decomposes the diffi-100

cult adaptation problem into two simpler, sequen-101

tial steps. In the first stage, we employ a self-102

improvement mechanism inspired by Chain-of-103

Thought (CoT) prompting (Wei et al., 2022). We104

prompt the LVLM to generate detailed, step-by-105

step textual descriptions (or rationales) for unla-106

beled videos from the target domain. This creates107

a rich dataset of video-text pairs that we use for108

the initial fine-tuning stage, effectively teaching109

the model to “speak the language” of the target do-110

main by grounding its visual understanding in de-111

scriptive text. This aligns with recent self-training112

methods where models learn from their own high-113

confidence, rationale-augmented outputs (Huang114

et al., 2022). In the second stage, once the model115

has been equipped with a robust, domain-specific116

visual representation, we perform a standard SFT117

using the actual classification labels. By decou-118

pling representation learning from classification,119

our framework enables the model to first build a120

strong foundation of the new domain’s visual con-121

cepts before learning the final, high-level task. Our122

experiments demonstrate that this method signifi-123

cantly enhances classification performance in spe-124

cialized domains.125

The main contributions are threefold:126

• We first provide an in-depth analysis of the127

failure modes of direct SFT to domain adap-128

tation for video classification, demonstrat-129

ing how an intermediate rationale-generation130

stage effectively mitigates these issues.131

• We propose the Rationale-Bootstrapped Two-132

Stage Fine-Tuning (RB-FT) framework, a133

novel fine-tuning paradigm that effectively134

adapts LVLMs to new domains by first bridg- 135

ing the semantic gap with self-generated ratio- 136

nales, followed by task-specific tuning. 137

• We conduct a comprehensive empirical study 138

on challenging video classification bench- 139

marks, showing that RB-FT yields significant 140

performance gains over zero-shot, direct SFT, 141

and other strong baselines. 142

2 Related Works 143

2.1 Evolution of Video Classification 144

The field of video classification underwent a signifi- 145

cant evolution over several decades. Early methods 146

progressed from manual descriptors, such as 3D- 147

SIFT (Scovanner et al., 2007) and HOG3D (Klaser 148

et al., 2008), to trajectory-based systems like 149

Improved Dense Trajectories (iDT) (Wang and 150

Schmid, 2013), which served as a primary baseline 151

before the rise of deep learning. Neural networks 152

eventually replaced manual feature design: two- 153

stream models separated appearance from motion, 154

3D convolutional networks (C3D) learned joint spa- 155

tial and temporal patterns (Tran et al., 2015), and 156

hybrid models combined different network types to 157

manage temporal sequences end-to-end (Donahue 158

et al., 2015). Subsequent architectures addressed 159

long-range context and processing speed, includ- 160

ing Temporal Segment Networks (TSN), Inflated 161

3D ConvNets (I3D), and multi-rate designs like 162

SlowFast (Feichtenhofer et al., 2019). These devel- 163

opments were further accelerated by the availability 164

of large-scale datasets such as Kinetics (Carreira 165

and Zisserman, 2017). 166

2.2 Transformer-based Models for Video 167

Classification 168

Transformer architectures fundamentally advanced 169

video understanding by using attention mecha- 170

nisms to model long-range relationships in data, 171

frequently outperforming previous convolutional 172

methods (Bertasius et al., 2021; Arnab et al., 2021; 173

Liu et al., 2022). In parallel, vision-language train- 174

ing introduced scalable supervision through natural 175

language (Radford et al., 2021; Jia et al., 2021), 176

which researchers successfully adapted to the video 177

domain to allow for broader classification capabil- 178

ities. More recently, the field shifted toward sys- 179

tems that integrated visual data with large language 180

models to support open-ended reasoning and com- 181

bined audio-visual analysis (Liu et al., 2023; Li 182

et al., 2023; Awadalla et al., 2023; Achiam et al., 183
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2023; Hurst et al., 2024; Comanici et al., 2025).184

Specifically, methods like LLaVA-CoT (Xu et al.,185

2025) improved this approach by training models186

to perform multi-stage reasoning. Together, these187

advancements established a foundation for flexible188

video classification with high adaptability across189

different tasks.190

2.3 Self-Improvement Under Domain Shift191

While Vision Language Models (VLMs) exhib-192

ited strong generalization, they often degraded un-193

der significant distribution shifts, where abstract194

labels are insufficient to capture domain-specific195

semantics (Kay et al., 2017). Consequently, di-196

rect supervised fine-tuning (SFT) often led to197

overfitting or failed to bridge the semantic gap.198

To mitigate this, recent research pivoted toward199

“self-improvement” strategies that used Chain-of-200

Thought (CoT) prompting and model-generated201

explanations to provide dense supervisory sig-202

nals (Huang et al., 2022; Wei et al., 2022; Wang203

et al., 2022). In particular, approaches such as dis-204

tilling rationale from larger models (Zhang et al.,205

2023a) and reflective self-training (Cheng et al.,206

2024) demonstrated that incorporating intermedi-207

ate reasoning steps significantly improves multi-208

modal reasoning and transferability. Building on209

these insights, we propose Rationale-Bootstrapped210

Fine-Tuning (RB-FT). RB-FT adopts a two-stage211

paradigm in which visual representations are first212

aligned via detailed model-generated rationales,213

followed by label-based optimization. By decou-214

pling representation learning from classification,215

RB-FT offers a robust alternative to direct SFT in216

domain-shifted contexts.217

3 Method218

Problem Formulation. The central problem219

addressed in this work is video classification un-220

der a significant domain shift. Let Mθ represent a221

pre-trained Vision-Language Model (VLM) with222

parameters θ. We denote the target domain dataset223

as Dtarget, which is partitioned into a training224

set Dtrain
target and a testing set Dtest

target: Dtrain
target =225

{(vi, yi)}Ntrain
i=1 ,Dtest

target = {(vj , yj)}Ntest
j=1 where226

v represents a video instance and y ∈ {1, . . . , C}227

denotes the corresponding class label. The distri-228

bution of Dtarget is assumed to differ substantially229

from the data used to pretrain Mθ.230

Given a sample s = (V, T ) consisting of a video231

V and text T , the VLM processes each modal-232

ity through specific encoders. The video input is 233

temporally subsampled via Sτ and spatially de- 234

composed into patch tokens via Πp,ℓ, before being 235

encoded by ϕvid. Concurrently, the text input is tok- 236

enized and embedded via ϕtext. These multimodal 237

tokens are augmented with positional embeddings 238

(p) and modality-type embeddings (m), then con- 239

catenated into a unified sequence X: 240

X = concat
(
ϕvid ◦Πp,ℓ ◦ Sτ (V ) + pvid +mvid︸ ︷︷ ︸

Video Embeddings

,

E ◦ ϕtext(T ) + ptext +mtext︸ ︷︷ ︸
Text Embeddings

)
(1)

241

This sequence X is subsequently fed into the back- 242

bone Large Language Model (LLM). Our objective 243

is to learn fine-tuned parameters θ∗ using Dtrain
target 244

that maximize classification accuracy on Dtest
target 245

while preserving the model’s inherent multimodal 246

reasoning capabilities. 247

The proposed RB-FT framework achieves this 248

by decomposing the adaptation process into two se- 249

quential stages. The first stage focuses on domain- 250

semantic alignment through self-generated ratio- 251

nales, while the second stage focuses on task- 252

specific classification. Both stages utilize the same 253

training cohort. The overall pipeline is shown 254

in Figure 1. 255

Stage 1: Rationale-Enhanced Self-Improvement. 256

The first stage of the RB-FT framework bridges the 257

semantic gap between the generalist pre-trained 258

model and the specialist target domain. This is 259

achieved by creating and leveraging a dense, de- 260

scriptive supervisory signal generated by the model 261

itself, effectively guiding the model to learn the 262

visual language of the new domain. This stage can 263

be understood as a novel form of self-supervised 264

pretext task, native to the capabilities of modern 265

LVLMs. Traditional self-supervised learning (SSL) 266

in video relies on pretext tasks like predicting clip 267

order or temporal paces to force a model to learn 268

meaningful representations without human labels. 269

The goal of these tasks is to instill an understanding 270

of intrinsic data properties, such as temporal coher- 271

ence or motion dynamics. The rationale generation 272

process serves a similar purpose but operates at 273

a much higher semantic level. The pretext task 274

becomes “generating” a coherent, detailed, and fac- 275

tually grounded textual description of this video.” 276

To succeed at this task, the model is compelled 277
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Figure 1: Overview of the proposed Rationale-Bootstrapped Fine-Tuning Framework. The pipeline consists of
three phases: (Top) Offline Data Construction: A pre-trained VLM Mθ is leveraged to generate detailed textual
rationales ri for training videos using a structured prompt Prationale. This prompt conditions the model to adopt a
specific expert persona (e.g., Smart Home Security Expert) and analyze the video across four semantic dimensions:
subjects, attributes, actions, and scenes. (Bottom Left) Stage-I (Rationale-Enhanced Self-Improvement): The
model is supervised fine-tuned to generate these domain-specific rationales, producing an intermediate model
Minter with enhanced reasoning capabilities. (Bottom Right) Stage-II (Task-specific Label Alignment): The
model undergoes a second stage of fine-tuning to predict the final ground-truth labels (e.g., <abnormal>), yielding
the final optimized model M∗

θ .

to learn to recognize the domain-specific objects,278

understand their complex temporal and spatial rela-279

tionships, and accurately map these visual concepts280

to language. Unlike traditional SSL tasks that yield281

a single scalar loss, this pretext task generates a282

rich, structured textual output that serves as a pow-283

erful and dense supervisory signal for fine-tuning.284

Rationale Generation. The framework initiates285

by leveraging the base VLM, Mθ, to synthesize286

a textual rationale, ri, for each video instance287

vi within the training subset Dtrain
target. This is288

achieved through a structured prompting strategy289

that bridges the domain gap. We construct a spe-290

cific prompt, Prationale, which first conditions the291

model to adopt the persona of a “Smart Home Se-292

curity Expert,” thereby aligning the generation with293

the specific safety-oriented requirements of the tar-294

get domain.295

To elicit high-quality, step-by-step reasoning,296

Prationale explicitly instructs the model to decom- 297

pose its analysis across four semantic dimensions: 298

(1) Subjects: identifying primary entities such 299

as wildlife, intruders, or vehicles; (2) Attributes: 300

detailing key characteristics like species, size, or 301

clothing; (3) Actions: capturing dynamic behav- 302

iors, movements, and interactions with the prop- 303

erty; and (4) Scenes: describing environmental 304

contexts such as lighting conditions or backyard 305

settings. The example is shown in Figure 1. 306

Formally, for each video vi, the rationale is gen- 307

erated via ri = Mθ(vi, Prationale). This offline 308

process yields an intermediate rationale-augmented 309

dataset, Dtrain
rationale = {(vi, ri)}Ntrain

i=1 , which pairs 310

raw visual inputs with rich, self-generated semantic 311

supervision tailored to the target distribution. 312

Intermediate Fine-Tuning. With the rationale 313

dataset, Dtrain
rationale constructed, the next step is to 314

perform an initial supervised fine-tuning of the base 315
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model Mθ. The objective of this intermediate SFT316

is to align the model’s visual representations more317

closely with the detailed, domain-specific textual318

descriptions which has just been generated. The319

model is trained to minimize the standard auto-320

regressive language modeling loss over the ratio-321

nales, conditioned on the corresponding videos.322

The loss function for this stage, Lrationale, is given323

by:324

Lrationale = −
Ntrain∑
i=1

logP (ri | vi; θ)325

Minter is obtained by minimizing the Lrationale.326

Stage 2: Task-specific Label Alignment. The327

second stage of the RB-FT framework fine-328

tunes the domain-adapted intermediate model,329

Minter, for the final downstream classification task.330

This stage uses the original ground-truth dataset,331

Dtrain
target = {(vi, yi)}Ntrain

i=1 .332

A second round of SFT is performed, starting333

from the weights of Minter. The objective is to334

minimize the standard cross-entropy loss for clas-335

sification. The prompt for this stage is a simple336

classification query. The loss function, Lclassify, is:337

Lclassify = −
Ntrain∑
i=1

logP (yi | vi; θinter)338

This fine-tuning stage is hypothesized to be sig-339

nificantly more effective than direct SFT on the340

base model Mθ. Because Minter has already de-341

veloped a feature space that is well adapted to the342

visual nuances of the target domain, the optimiza-343

tion landscape for the classification task is much344

more favorable. The model is no longer burdened345

with the dual challenge of learning the domain’s346

visual language and the classification task simul-347

taneously. Instead, the final SFT stage primarily348

learns to map the already meaningful and domain-349

aligned features to the discrete set of class labels.350

This separation of concerns substantially reduces351

the risk of catastrophic forgetting of the model’s352

core reasoning abilities and mitigates the tendency353

to overfit to spurious correlations in the limited la-354

beled data. The final output of this stage is the fully355

adapted model, M∗
θ .356

4 Experiments357

We evaluate our proposed RB-FT framework on358

two domain-specific video classification bench-359

marks: SmartHome-LLM (abnormal vs. normal 360

daily activities) and MultiHateClip (hateful vs. nor- 361

mal video memes). We adopt Qwen2-VL-7B- 362

Instruct (Wang et al., 2024b) and Qwen2.5-VL-7B- 363

Instruct (Bai et al., 2025) as our backbone VLMs. 364

We focus on the following three research questions, 365

which collectively examine the central hypothesis 366

of our paper, that bootstrapping domain-specific 367

rationale understanding provides a strictly more 368

transferable and more semantically stable represen- 369

tation prior to domain SFT: 370

RQ1: Quantitative Effect. Does RB-FT 371

consistently outperform direct supervised fine- 372

tuning (Direct-SFT) across different backbones and 373

datasets under the same training budget? 374

RQ2: Factorization and Ablation. Which com- 375

ponent(s) of RB-FT contribute the most to the final 376

gains? In particular: (1) Where should the ratio- 377

nale be placed in the prompt? and (2) Does mixing 378

self-generated rationales benefit more than partially 379

using ground-truth rationales? 380

RQ3: Causal Interpretability. Does RB-FT 381

change “what the model looks at”? For example, 382

are attention maps qualitatively and quantitatively 383

more causally grounded (e.g., more sensitive to 384

masking of semantically key objects) than Direct- 385

SFT? 386

4.1 Experimental Setup 387

Datasets. We evaluate our framework on 388

two domain-specific video classification datasets. 389

SmartHome-LLM Benchmark (Zhao et al., 2025) 390

is a video anomaly detection benchmark featuring 391

1, 203 smart home clips across seven categories 392

(e.g., Wildlife, Senior Care). Annotations include 393

anomaly tags, detailed descriptions, and reasoning. 394

The dataset’s primary challenges lie in the subtlety 395

of anomalies, high contextual diversity, and the req- 396

uisite common-sense reasoning to distinguish nor- 397

mal from abnormal events. MultiHateClip (Wang 398

et al., 2024a) is a multilingual benchmark for hate- 399

ful video detection, comprising 2, 000 videos anno- 400

tated as hateful, offensive, or normal. We utilize the 401

English-language subset for our experiments. The 402

benchmark’s key challenges include the need for 403

cultural nuance, the inherently multimodal nature 404

of hate speech (encompassing visual, audio, and 405

textual elements), and the fine-grained distinction 406

between “hateful” and “offensive” content. 407

Implementation Details. We implement the 408

RB-FT pipeline using the Qwen2-VL-7B- 409
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Instruct (Wang et al., 2024b) and Qwen2.5-410

VL-7B-Instruct (Bai et al., 2025) models as411

our base VLMs. More details are provided in412

the Appendix A.413

Baselines and Metrics. To establish a robust per-414

formance benchmark, we compare the proposed415

RB-FT framework with several baselines to rigor-416

ously validate its effectiveness. Specialized Video417

Models: UniFormerV2 (Li et al., 2022) and In-418

ternVideo2 (Wang et al., 2024c), which repre-419

sent the state-of-the-art in models designed specif-420

ically for video understanding tasks. General-421

Purpose VLMs: GPT-4o-mini, GPT-4o (Hurst422

et al., 2024), Gemini-2.5-Flash/Pro (Comanici423

et al., 2025), which are powerful, proprietary large424

multimodal models. We also compare against the425

zero-shot performance of our base models and the426

standard Direct-SFT approach. Performance is427

evaluated using Accuracy (Acc) for overall clas-428

sification performance and F1-score to assess the429

balance between precision and recall for each class,430

which is particularly important for datasets with431

imbalanced classes, such as MultiHateClip.432

4.2 Main Quantitative Results433

The experimental results, detailed in Table 1 and Ta-434

ble 2, demonstrate the consistent effectiveness of435

the RB-FT framework across diverse benchmarks.436

On the SmartHome-LLM dataset, RB-FT applied437

to the Qwen2.5-VL-7B backbone achieves a state-438

of-the-art accuracy of 82.65%. This represents a439

significant 6.63 percentage-point increase over stan-440

dard fine-tuning and a 27.55 percentage-point im-441

provement over the zero-shot baseline. A key high-442

light is the F1 (Normal) metric, which rose from443

51.55% to 76.06%, indicating that our rationale-444

bootstrapped alignment successfully bridges the445

semantic gap. By training the model to first gener-446

ate descriptive logic for video content, the frame-447

work cultivates a robust understanding of standard448

patterns, allowing our open-source model to mit-449

igate the performance gap and even surpass high-450

resource proprietary models like Gemini-2.5-Pro.451

This efficacy extends to the MultiHateClip452

dataset, where RB-FT reaches 71.00% accuracy453

and doubles the F1-score for the minority "Hate-454

ful" class. These results show that the dense su-455

pervisory signals from self-generated rationales456

help the model identify distinct features for un-457

derrepresented categories that are typically over-458

looked during standard training. Furthermore, the459

consistent improvements across both Qwen2-VL 460

and Qwen2.5-VL architectures confirm that RB- 461

FT is a versatile solution for adapting to new do- 462

mains. By providing a structured reasoning path, 463

the framework addresses core challenges in video 464

understanding that persist across different model 465

architectures. 466

4.3 In-Depth Analysis and Discussion 467

We conduct a series of ablation studies to under- 468

stand the mechanisms behind RB-FT’s effective- 469

ness. These studies collectively reveal a coherent 470

narrative about how the framework operates: the 471

specific composition of the rationale supervision 472

enables a scalable self-generation process, which 473

results in a more interpretable and robust final 474

model. All the ablation studies are conducted on 475

the SmartHome-LLM dataset. 476

Ablation Study: Impact of Rationale Compo- 477

sition. We examine how the composition of the 478

rationales affects the learning. The term rational 479

is fixed and refers only to the generated reasoning 480

description. We compare three supervision formats 481

that differ only in whether and where the final clas- 482

sification appears relative to the rationale, while 483

keeping the rationale’s content unchanged. We de- 484

note P as the input prompt, R as the rational, and C 485

as the final class label. The formats are P+R with 486

no explicit class label, P+C+R with the class label 487

placed before the rational, and P+R+C with the 488

class label placed after the rational. During fine- 489

tuning, the model is trained to produce the target 490

in the specified order, and at evaluation, we elicit 491

outputs in the same order. 492

Across our experiments, the P+R setting 493

achieves the best overall performance, surpassing 494

both variants with an explicit class label. The gains 495

arise because supervision that focuses on rationales 496

directs learning toward the reasoning steps rather 497

than reproducing label tokens. Omitting the la- 498

bel discourages shortcutting, reduces label leakage, 499

and encourages the model to ground its predic- 500

tions in event descriptions, object interactions, and 501

causal relations. Placing the label at the beginning 502

promotes post hoc justification, whereas putting it 503

at the end still provides a strong cue that can be 504

memorized. Training that focuses solely on the 505

rationales yields a denser, more informative signal 506

and improves generalization, calibration, and ro- 507

bustness for tasks that require multi-step reasoning. 508

Ablation Study: Ratio of Self-Generated Ra- 509
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Table 1: Quantitative results on the SmartHome-LLM benchmark. Models are categorized into proprietary (closed-
source) and open-source systems. For each metric, the best performance across proprietary models is underlined,
while the best result within the open-source category is bolded.

Category Model Method Accuracy (%) ↑ F1 (Normal) ↑ F1 (Abnormal) ↑

Proprietary
(Closed-source)

GPT-4.1 Zero-shot 70.53 69.23 71.72
Gemini-2.5-Flash Zero-shot 73.33 70.79 75.47
GPT-4o Zero-shot 62.76 63.32 62.18
Gemini-2.5-Pro Zero-shot 73.47 70.11 76.15

Open-source
(Open-weight)

UniFormerV2 Supervised 70.12 38.02 78.95
InternVideo2 Supervised 68.70 35.40 79.10

Qwen2-VL-7B
Zero-shot 57.65 59.11 56.08
Direct-SFT 69.39 36.17 79.87
RB-FT (Ours) 80.61 74.67 84.30

Qwen2.5-VL-7B
Zero-shot 55.10 60.36 48.24
Direct-SFT 76.02 51.55 84.07
RB-FT (Ours) 82.65 76.06 86.40

Table 2: Quantitative results on the MultiHateClip benchmark. Models are categorized into proprietary (closed-
source) and open-source systems. For each metric, the best performance across proprietary models is underlined,
while the best result within the open-source category is bolded.

Category Model Method Acc. (%) ↑ F1 (Norm) ↑ F1 (Hate) ↑ F1 (Offen) ↑

Proprietary
(Closed-source)

GPT-4.1 Zero-shot 70.46 83.58 60.38 23.53
Gemini-2.5-Flash Zero-shot 70.94 83.98 18.18 40.00
GPT-4o Zero-shot 72.19 84.16 55.45 12.50
Gemini-2.5-Pro Zero-shot 75.81 84.71 61.11 0.00

Open-source
(Open-weight)

UniFormerV2 Supervised 59.17 72.10 8.33 35.42
InternVideo2 Supervised 62.72 74.85 10.91 38.06

Qwen2-VL-7B
Zero-shot 53.25 65.33 0.00 39.37
Direct-SFT 65.68 78.81 4.76 29.63
RB-FT (Ours) 68.64 81.27 14.29 42.65

Qwen2.5-VL-7B
Zero-shot 54.48 66.90 2.70 40.12
Direct-SFT 66.86 79.92 11.11 41.35
RB-FT (Ours) 71.00 83.47 23.53 49.78

tionales in Stage-I. We next evaluate the impact510

of using self-generated rationales versus human-511

annotated ones by training models with varying512

ratios of synthetic data in Stage-I. Table 4 shows513

a clear and positive trend: performance improves514

as the proportion of self-generated rationales in-515

creases, with the 100% self-generated setting yield-516

ing the best results.517

This result strongly validates the premise that518

the model’s own descriptions, even if imperfect,519

are a powerful and effective source of supervision.520

It suggests that for this domain adaptation task, the521

breadth of descriptive coverage across the entire522

training set (achieved with 100% self-generated523

data) is more valuable than the potentially higher524

quality of a small subset of human annotations.525

This has profound implications for annotation ef-526

ficiency, proving that the rationale-based learning527

signal is robust enough to be self-generated at scale.528

The goal is not to model the distribution of ratio-529

nales but to use them as a rich signal to learn better530

visual representations.531

Ablation Study: Impact of Key Objects. To in-532

vestigate whether RB-FT learns a more causal and 533

interpretable model, we perform an object mask- 534

ing ablation. We identify the three most salient 535

objects using Gemini-2.5-pro in each test video 536

and compare the model’s performance on the origi- 537

nal frames, frames with these objects masked, and 538

frames with random patches of equivalent area 539

masked. 540

The results are shown in Table 5. For the RB- 541

FT model, masking critical objects (Obj. Masked) 542

causes a dramatic drop in accuracy. This drop is far 543

more significant than that caused by masking ran- 544

dom patches (Rand. Masked, 75.51%) and substan- 545

tially larger than the drop observed for the Direct- 546

SFT model (69.39% to 67.86%). This provides 547

strong evidence that the RB-FT model has learned 548

to ground its classifications in semantically mean- 549

ingful objects. These very objects would be explic- 550

itly named in the generated rationales. In contrast, 551

the Direct-SFT model relies more on diffuse, super- 552

ficial correlations across the entire frame, making 553

it less sensitive to the removal of specific objects. 554

This demonstrates that the rationale-based super- 555
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Table 3: Ablation Study on the Composition of the
Rationales.

Model Rationale Acc (%) ↑ F1 (Normal) ↑ F1 (Abnormal) ↑

Qwen2-VL-7B
P+C+R 79.59 73.33 83.47
P+R+C 80.61 73.97 84.55
P+R 80.61 74.67 84.30

Qwen2.5-VL-7B
P+C+R 81.10 74.90 85.30
P+R+C 81.65 75.10 85.70
P+R 82.65 76.06 86.40

Table 4: Ablation Study on the Ratio of Self-Generated
Rationales in Stage-I.

Model Ratio Acc (%) ↑ F1 (Normal) ↑ F1 (Abnormal) ↑

Qwen2-VL-7B
20% 71.43 53.20 81.90
60% 74.49 56.80 82.70
100% 80.61 74.67 84.30

Qwen2.5-VL-7B
20% 76.53 59.80 85.40
60% 78.57 62.10 85.90
100% 82.65 76.06 86.40

Table 5: Ablation Study on the Key Objects.

Model Paradigm Input Acc. (%) ↑ F1 (Normal) ↑ F1 (Abnormal) ↑

Qwen2-VL-7B

Direct_SFT
Rand. Masked 66.84 21.69 78.96
Obj. Masked 67.86 18.18 80.00
Ori. Frames 69.39 36.17 79.87

RB-FT
Rand. Masked 75.51 63.08 81.68
Obj. Masked 66.33 40.00 76.60
Ori. Frames 80.61 74.67 84.30

Figure 2: Comparative visualization of attention maps between the baseline Direct-SFT model (a) and our proposed
RB-FT model (b). The heatmaps (purple to yellow) represent attention intensity, scaled from 0 to 1. The RB-FT
model (b) demonstrates significantly improved focal accuracy, concentrating high-intensity attention on the salient
subjects (the black bear and the trash can), whereas the Direct-SFT model (a) exhibits diffuse attention, failing to
localize the critical regions of interest.

vision in Stage 1 produces a model that is more556

accurate, more interpretable, and causally aligned557

with the task.558

4.4 Attention Mode Analysis559

To qualitatively assess the impact of our proposed560

RB-FT, we visualized the attention distributions561

of the baseline Direct-SFT model and our RB-FT562

model on a representative sample, shown in Fig-563

ure 2. The resulting attention maps illustrate564

the models’ ability to localize key objects within565

the input. As evidenced in the comparison, the566

Direct-SFT approach (a) produces a scattered and567

unfocused attention pattern, erroneously assign-568

ing importance to irrelevant background elements569

while failing to identify the critical subjects. In570

stark contrast, our proposed RB-FT method (b)571

demonstrates exceptional effectiveness, generating572

a highly concentrated attention map that precisely573

localizes the key entities in the scene. This visu- 574

alization confirms that the RB-FT technique suc- 575

cessfully guides the model’s focus to semantically 576

critical regions, suppressing background noise and 577

enabling a more robust, accurate understanding of 578

the scene’s content. 579

5 Conclusion 580

This work introduces Rationale-Bootstrapped Fine- 581

Tuning (RB-FT) to address the semantic gaps inher- 582

ent in specialized video domains where standard su- 583

pervised fine-tuning fails. By decoupling domain- 584

semantic alignment from task classification via self- 585

generated rationales, RB-FT provides dense inter- 586

mediate supervision that aligns visual representa- 587

tions with domain-specific concepts. Extensive 588

experiments demonstrate that this approach signifi- 589

cantly outperforms standard baselines, producing 590

models that are both robust and interpretable. 591
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6 Limitations592

While RB-FT effectively addresses the semantic593

gap in domain-specific video classification by de-594

coupling representation alignment from task tuning,595

it still imposes certain constraints. First, the frame-596

work’s performance is intrinsically linked to the un-597

derlying Large Vision-Language Model’s (LVLM)598

capacity for structured reasoning; in highly special-599

ized domains where the base model lacks founda-600

tional visual concepts, the initial bootstrapped sig-601

nal may require more intensive prompting to ensure602

high-fidelity supervision. Second, the two-stage603

fine-tuning process, while central to our perfor-604

mance gains, introduces a more complex training605

profile and longer computational time than single-606

stage direct supervised fine-tuning (Direct-SFT).607

Finally, while our evaluation demonstrates robust608

results on established benchmarks like SmartHome-609

LLM and MultiHateClip, the scalability of self-610

generated rationales for long-video understanding611

or multi-modal inputs involving synchronized au-612

dio remains an area for future investigation.613

7 Ethics Statement614

The deployment of automated video analysis sys-615

tems, particularly in sensitive contexts such as616

home security and content moderation, necessi-617

tates careful ethical consideration. RB-FT pro-618

motes transparency by requiring the model to ar-619

ticulate its decision-making logic through textual620

rationales, thereby providing a human-interpretable621

audit trail for its classifications. We utilize publicly622

available research benchmarks and advocate for the623

application of this framework within strict privacy-624

preserving protocols that comply with local data625

protection regulations. Furthermore, by grounding626

the model’s focus on specific subjects, attributes,627

and actions, our approach aims to mitigate the risk628

of the model relying on superficial or biased corre-629

lations inherent in pre-trained foundation models.630

Ultimately, we emphasize that this framework is631

intended to serve as a supportive tool for human-in-632

the-loop decision-making in safety-critical indus-633

trial and social environments.634
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A Implementation Details894

The videos are sampled at 1 FPS with a maximum895

resolution of 360×420 pixels. For both fine-tuning896

stages, we use a cosine learning rate scheduler with897

a 3% warm-up rate and a weight decay of 0.1. The898

learning rates are set to 1× 10−5 for the language899

model and merger components and 2 × 10−6 for900

the vision tower. We enable gradient checkpoint-901

ing and clip gradients at a norm of 1.0. Training902

is performed with a global batch size of 16. Both903

Stage-I and Stage-II are trained for a single epoch904

to mitigate the risk of overfitting on the special-905

ized datasets. All experiments are conducted on 8906

NVIDIA H100 GPUs.907

B Additional Experimental Results908

To rigorously evaluate the causal necessity of se-909

mantic relevance during the rationale-bootstrapped910

phase, we conduct a correlation study on911

the SmartHome-LLM benchmark using two re-912

designed adversarial prompting strategies: Pless913

(Peripheral Context) and Pleast (Atmospheric Nar-914

rative).915

In the Pless scenario, the model acts as a Contex-916

tual Property Observer, generating descriptions917

focused on the general surroundings and architec-918

tural layout. This strategy captures the spatial con-919

text of the video but deliberately omits the specific920

human-centric actions or potential risks required921

for anomaly detection. In the Pleast scenario, the922

model adopts the persona of an Atmospheric Jour-923

nalist, focusing exclusively on sensory and stylistic924

elements such as lighting transitions, weather ef-925

fects seen through windows, and camera stability.926

While this rationale is "related" to the video file it-927

self, it provides near-zero semantic utility for distin-928

guishing between normal and abnormal behavioral929

patterns.930

Using LLM-as-a-judge (specifically a GPT-4o931

evaluator (Hurst et al., 2024)), we quantified the932

alignment between these rationales and the classi-933

fication topic, defined as the causal mapping be-934

tween visual evidence and ground-truth behavioral935

labels. As detailed in table 6, the task-correlation936

score dropped from 0.88 for our original rationale937

to 0.42 for Pless and 0.15 for Pleast. The results938

reveal a strictly monotonic decline in performance939

as the semantic correlation decreases. Notably,940

the Pleast setting performs slightly below Direct-941

SFT (75.82% vs 76.02%), suggesting that fine-942

tuning on semantically irrelevant descriptions can943

introduce noise that distracts the model from task- 944

specific visual features. In contrast, the substantial 945

6.63 percentage-point gain of RB-FT is fundamen- 946

tally driven by high-correlation causal reasoning. 947

This confirms that the framework’s efficacy stems 948

from bridging the “rationale gap” through task- 949

aligned semantic supervision rather than simple 950

data exposure. 951

Table 6: Correlation Analysis: Impact of Rationale
Relevance on SmartHome-LLM Performance using
Qwen2.5-VL-7B-Instruct. Task correlation scores are
determined via LLM-as-a-judge on a scale of 0 to 1.

Setting Task Corr. ↑ Acc. (%) ↑ F1 (Norm) ↑ F1 (Abnorm) ↑

RB-FT (Original) 0.88 82.65 76.06 86.40
Pless (Static Scene) 0.42 78.42 64.15 84.92
Pleast (Metadata) 0.12 76.95 54.30 84.18
Direct-SFT 0.00 76.02 51.55 84.07

C Claim of Use of AI Assistants 952

We use AI assistants to help us polish the writing. 953
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