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Abstract001

Understanding long videos remains challeng-002
ing due to the sparsity of visual evidence rele-003
vant to a given query. Prior work has explored004
program-based visual grounding, typically rely-005
ing on executable programs generated by aux-006
iliary large language models. However, when007
scaling to long videos, existing approaches face008
several critical limitations: (1) frame-centric009
vision modules are often insufficient for long010
video processing; (2) naively applying program-011
based reasoning to all queries incurs consider-012
able computational overhead; and (3) errors013
arising from low-confidence predictions and014
imperfect program execution are difficult to re-015
cover from. To address these challenges, we016
propose VideoPro, a unified framework that017
enables VideoLLMs to adaptively reason over018
long videos and refine their predictions through019
executable programs. VideoPro first performs020
adaptive reasoning, dynamically determining021
whether a query can be resolved directly by022
the native VideoLLM or requires explicit multi-023
step program reasoning. For complex queries,024
the model decomposes the task into executable025
programs that invoke specialized vision mod-026
ules for precise temporal and semantic ground-027
ing. To further improve robustness, VideoPro028
incorporates a self-refinement mechanism that029
leverages execution feedback and confidence030
signals to correct erroneous executions and re-031
fine low-confidence reasoning programs. By032
tightly integrating adaptive reasoning with self-033
refinement, VideoPro consistently outperforms034
prior methods across multiple long-video un-035
derstanding benchmarks, yielding an average036
6.7% improvement for Qwen3-VL-8B.037

1 Introduction038

Long-video understanding is fundamentally chal-039

lenged by the sparsity and long-range dispersion of040

query-relevant visual evidence. Effective reason-041

ing, therefore, requires precise temporal grounding042

and multi-step integration across distant segments, 043

rendering dense frame-level processing computa- 044

tionally intractable. Program-based visual ground- 045

ing has been proposed to support explicit multi- 046

step reasoning by executing LLM-generated pro- 047

grams over modular vision components (Gupta 048

and Kembhavi, 2023; Surís et al., 2023; Mahmood 049

et al., 2024; Gao et al., 2024) (Figure 1). However, 050

when scaled to long videos, existing methods ex- 051

hibit three critical limitations. (1) Frame-centric 052

vision modules are insufficient for long-range tem- 053

poral and semantic grounding. (2) Uniform pro- 054

gram invocation is inefficient: many queries can be 055

answered directly by native VideoLLMs, which 056

already achieve nearly 90% accuracy in high- 057

confidence cases without program execution (Fig- 058

ure 2). (3) Error recovery is fragile: low-confidence 059

predictions and imperfect executions can cascade 060

under static, one-shot program pipelines, with lim- 061

ited mechanisms for correction. 062

To address these challenges, we propose Video- 063

Pro, a unified framework that synergizes adaptive 064

reasoning with refinement for efficient long-form 065

video understanding. VideoPro functions as a dy- 066

namic planner, determining on-the-fly whether a 067

query can be resolved by the native VideoLLMs or 068

requires multi-step visual programming. For com- 069

plex queries, it decomposes the task into structured 070

sub-tasks and selectively invokes vision modules 071

to retrieve, localize, and inspect relevant informa- 072

tion. To support the latter, VideoPro integrates a 073

library of general video modules, including mul- 074

timodal retrieval, temporal localization, and fine- 075

grained visual extraction. To further improve ro- 076

bustness, VideoPro incorporates a self-refinement 077

mechanism, which revises failed executions and 078

low-confidence reasoning programs, ensuring ro- 079

bust reasoning against static programs. 080

To instantiate this framework, we leverage ad- 081

vanced LLMs to synthesize high-quality visual pro- 082

grams and use the native VideoLLM’s initial pre- 083
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Question: After entering the museum, where did the short-haired woman
 in a black coat, black long skirt, and black mask visit first? 

VideoPro 

Visual Programming
woman_seg = video.filter_object ("woman")
black coat = woman_seg.filter_property
 ("Does the woman have a black coat?")
long skirt= black coat.filter_property ("is there black long skirt?")
best_response = object_boxes.video_query
("After entering museum, where the woman walk visit first?", options)
    

{ In context examples}
Question: After entering the museum, where did the short-haired woman 
in a black coat, black long skirt, and black mask visit first?

(2) Visual Programming 

LLM

2. Self-Refinement

(1) Runtime Execution  
(2) Prediction is Uncertain 

Confidence-dr iven Execution-dr iven 
 

 VideoLLM

Answer

1. Adaptive Reasoning 

Visual ProgrammingTask Planning

Native VideoLLM Reasoning 
Multi-step Visual Program Reasoning

Adaptive 

Effective and reliable reasoning

(1) VideoLLM Reasoning (3) Adaptive  Reasoning  w/ Refinement (ours)

 Multi-step; Visual-grounding but inefficient; 

End2end;  Efficient but unreliable 

Question: After entering the museum, where did the short-haired woman
 in a black coat, black long skirt, and black mask visit first? 

 VideoLLM

Figure 1: Comparison of prior methods and VideoPro: effective and reliable adaptive reasoning with refinement.

diction to decide whether a query can be solved084

directly or should be routed to explicit visual pro-085

gram reasoning. We categorize execution programs086

into failures, successful executions with incorrect087

predictions, and correct predictions to construct088

a reason-and-refine supervision dataset. We then089

train a unified VideoLLM to internalize the ability090

of adaptive reasoning and self-refinement, further091

optimized using Group Relative Policy Optimiza-092

tion (GRPO). Extensive experiments demonstrate093

that VideoPro achieves superior stability and per-094

formance on long-form video benchmarks, surpass-095

ing GPT-4o on LVBench with 49.7% accuracy and096

boosting Qwen3-VL-8B’s performance by 6.7% on097

average. Our main contributions are:098

• Effective Adaptive Reasoning. We introduce099

a query-level adaptive mechanism that dynam-100

ically selects between native VideoLLM rea-101

soning and multi-step visual program reason-102

ing, achieving an optimal balance between103

performance and efficiency.104

• Reliable Refinement. We propose a self-105

refinement mechanism guided by execution106

and confidence signals, enhancing the reliabil-107

ity of program-based reasoning.108

• Promising Performance on Long-Form Video.109

We design a suite of general video modules110

for retrieval, localization, and inspection, en- 111

abling our VideoPro to achieve consistent im- 112

provements across multiple challenging long- 113

video benchmarks. 114

2 Related Work 115

2.1 Long-form Video Understanding 116

Understanding long-form videos requires identi- 117

fying and connecting sparse evidence distributed 118

across extensive temporal horizons (Wu et al., 119

2024; Fu et al., 2024). Current Video-LLMs 120

typically extend image-based multimodal frame- 121

works (Liu et al., 2023) by sampling multiple 122

frames to capture temporal dynamics (Li et al., 123

2023; Zhang et al., 2023b; Lin et al., 2023; Li et al., 124

2024). These models generally align visual fea- 125

tures with the language space using a frame-wise 126

encoder followed by a projection module. Despite 127

recent advancements in spatio-temporal represen- 128

tations (Li et al., 2023; Bai et al., 2025), dense 129

processing of long videos remains computationally 130

prohibitive. To mitigate this, alternative strategies 131

leverage textual summaries or keyframe caption- 132

ing (Zhang et al., 2023a; Wang et al., 2024b, 2025); 133

however, while these methods enhance scalability, 134

they often sacrifice fine-grained visual details and 135

involve complex, multi-step inference. To address 136

this, some strategies use captioning or keyframe 137
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summarization to create textual representations for138

LLMs (Zhang et al., 2023a; Wang et al., 2024b,139

2025), which improve scalability but can lose fine-140

grained temporal details and require multiple infer-141

ence steps. VideoPro addresses this trade-off by142

leveraging native VideoLLMs for video understand-143

ing while selectively invoking targeted modules to144

capture key visual evidence when necessary.145

2.2 Visual Program Reasoning146

Visual program reasoning empowers LLMs to de-147

compose queries into executable programs that148

orchestrate perception tools (Gupta and Kemb-149

havi, 2023; Choudhury et al., 2023). However,150

existing frameworks are predominantly tailored for151

images or short clips and often suffer from brit-152

tleness in complex environments. For instance,153

ViperGPT (Surís et al., 2023) integrates visual mod-154

ules for image and short-video QA (Choudhury155

et al., 2023), while VURF (Mahmood et al., 2024)156

enhances program reliability. These efforts posi-157

tion LLMs as general-purpose planners for decom-158

posing complex tasks into interpretable steps. We159

extend this paradigm by introducing Adaptive Rea-160

soning to determine when to invoke programs for161

long-form videos dynamically.162

2.3 Adaptive Reasoning and Refinement163

Adaptive computation allocates resources based164

on problem complexity, akin to the “System 1 vs.165

System 2” duality (Evans, 2003; Xiao et al., 2025;166

Sun et al., 2025; Zhang et al., 2025; Sun et al.,167

2024). Complementary to this, self-refinement en-168

hances reliability by revising outputs based on feed-169

back (Madaan et al., 2023). While prior works of-170

ten treat routing and refinement as separate prompt-171

ing strategies, VideoPro unifies them into a learn-172

able framework. We train a unified VideoLLM173

to jointly perform Adaptive Reasoning and Itera-174

tive Refinement, ensuring robust performance for175

long-form video understanding.176

3 Method177

3.1 Overview178

Given a long-form video V = {f1, . . . , fT } and a179

natural language query Q, our goal is to generate180

an accurate answer A with low computational cost.181

In long-form videos, task-relevant evidence is of-182

ten sparse and temporally dispersed, making dense183

frame-wise processing inefficient and largely re-184

dundant. We thus cast long-form video understand-185
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Figure 2: Distribution of correct vs. error predictions
across confidence on LongVideoBench. The proportion
of correct predictions exceeds errors in [0.7, 0.8) inter-
val, and exceeds 90% when confidence is above 0.9.

ing as a cost-aware dynamic inference problem 186

centered around two core mechanisms: adaptation 187

and refinement. As illustrated in Figure 3, Video- 188

Pro implements a unified adaptive reason-refine 189

process with two coupled components. (1) Adap- 190

tive Reasoning: VideoPro adaptively routes each 191

query to either native reasoning (direct answer gen- 192

eration with native VideoLLM reasoning) when it 193

is confident, or program reasoning that explicitly 194

composes and executes multi-step video modules 195

when tool use is necessary. (2) Self-Refinement: 196

conditioned on runtime feedback (e.g., execution 197

failures) and low-confidence predictions, VideoPro 198

revises the generated program and re-executes it to 199

recover from errors and improve answer reliability. 200

3.2 Video Module Library 201

Prior approaches are mostly frame-centric, often 202

running VQA models (e.g., BLIP-2) on every sin- 203

gle frame to find key visual information (e.g., 204

checking for the presence of a text object) (Choud- 205

hury et al., 2023; Surís et al., 2023). While this 206

works for short clips, it is extremely slow and in- 207

efficient for long videos. In contrast, VideoPro 208

adopts a general video module library tailored for 209

long contexts. Rather than checking every frame 210

blindly, we adopt a coarse-to-fine pipeline: pro- 211

gressing from global semantic retrieval to precise 212

temporal localization, and finally to fine-grained 213

visual information. We structure the capabilities of 214

VideoPro into five core modules: Multimodal Re- 215

trieval, Temporal Localization, Fine-grained Visual 216

Extraction, Global Context Summarization, and 217

Reasoning and Answer Generation. In addition to 218

these core modules, VideoPro utilizes basic Python 219
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operations as underlying utilities. More details for220

each vision module are provided in Appendix A.1.221

3.3 Visual Programming222

To facilitate multi-step program reasoning with vi-223

sion modules, VideoPro frames long-video under-224

standing as the execution of a synthesized program225

P over a module library M. We formally define226

the execution interface as:227

(Â, c) = Exec(P | V,Q,M), (1)228

where Â denotes the predicted answer, c ∈ [0, 1]229

is the associated confidence score. This explicit230

formalism uncovers intermediate reasoning steps,231

providing essential diagnostic signals for the subse-232

quent refinement stage. Specifically, the confidence233

score c is derived from the distribution as:234

c = exp

(
1

L

L∑
i=1

log pθ(âi | V,Q, â<i)

)
, (2)235

where Â = {â1, . . . , âL} denotes the generated236

response of length L.237

3.4 Adaptive Reasoning238

To balance reasoning effectiveness with compu-239

tational efficiency, VideoPro introduces Adaptive240

Reasoning via query-conditioned task planning.241

Given a query Q, the model acts as a planner that242

adaptively selects one of two reasoning modes:243

• Native VideoLLM reasoning: If the Video-244

Pro determines that the query can be answered245

using holistic understanding with native Vide-246

oLLM, it will generate programs that only use247

the query_native module as a single-step pro-248

gram call. Without multi-step reasoning, the249

VideoLLM will generate the prediction directly250

from the video frames, avoiding unnecessary vi-251

sion module invocations.252

• Multi-step visual program reasoning: If Video-253

Pro identifies a need for multi-step and video254

modules, it will explicitly collect multi-step evi-255

dence before deriving the answer.256

In both modes, the model outputs an answer Â257

along with a confidence score c, which serves as a258

critical quality indicator for the refinement stage.259

3.5 Self-Refinement260

To improve robustness against the rigidity of static261

visual programs that are produced in a single pass,262

VideoPro incorporates a self-refinement mecha- 263

nism designed to correct invalid executions and 264

revise low-confidence reasoning programs: 265

• Refinement for failed executions: When a vi- 266

sual program encounters a runtime failure (e.g., 267

empty retrieval results or invalid arguments), the 268

model inspects the execution log to diagnose the 269

issue and refine a corrected program. 270

• Refinement for Low-Confidence Reasoning: 271

Even if execution completes successfully, the 272

prediction may have low confidence. If c < τ 273

the model modifies the reasoning program, such 274

as broadening the retrieval scope or adjusting in- 275

voked modules, and re-executes the refined pro- 276

gram to produce a more reliable answer. 277

3.6 Training Pipeline 278

We denote our trained VideoLLMs to execute the 279

framework end-to-end using a two-stage pipeline: 280

Supervised Fine-Tuning (SFT), followed by Group 281

Relative Policy Optimization (GRPO) to further en- 282

hance reasoning quality and efficiency. To facilitate 283

reproducibility, we provide the detailed prompts in 284

our tasks in Appendix A.2. 285

Supervised Fine-Tuning. We construct a reason- 286

and-refine dataset using a teacher model, covering 287

three execution trajectories: runtime failures, suc- 288

cessful executions with incorrect predictions, and 289

correct predictions. The supervision is organized 290

into two types: 291

• Adaptive Reasoning Supervision: To train 292

VideoLLMs to select appropriate reasoning 293

modes, we categorize each query into different 294

reasoning regimes. Queries that can be correctly 295

answered by the native VideoLLM with high con- 296

fidence (c > 0.75) are supervised with Native 297

Reasoning (R1); Otherwise, they are supervised 298

with Multi-step Visual Program Reasoning 299

(R2), where ground-truth correct predictions of 300

visual programs are provided. 301

• Refinement Supervision: To enable reasoning 302

refinement, we construct supervision signals: (i) 303

Execution Failure Refinement (R3), where failed 304

programs and their runtime logs are paired with 305

correct predictions of visual programs; and (ii) 306

Low-Confidence / Incorrect Reasoning Refine- 307

ment (R4), where programs yielding incorrect or 308

low-confidence predictions are revised into cor- 309

rected prediction programs. We provide relevant 310

prompts in Appendix A.2. 311
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Multi-step program reasoning mode:
<planning>
Based on the video and the question,
 I will use visual program reasoning mode to solve this task.
1) Retrieve informative clips around the action "clicking Local disk 
(C:)". .....  4) If OCR-based inference is inconclusive, ask the analysis 
manager with frames and OCR text to choose from the given options.
</planning>

<code>
def execute_command(video, question):
        clip_paths = get_informative_clips( video,  query="

folders Intel and Perflogs",   top_k=3)
        ......
        answer, confidence = query_mc(frames, prompt, choices)
    return answer,  confidence
</code>

Self-Refinement
(1) Failed Exceptions 

(2) Low-Confidence         

      Reasoning

Adaptive Reasoning 

(1) Native VideoLLM 

(2) Multi-step visual 

program  reasoning

def execute_command(video, question):

        clip_paths = get_informative_clips(video,

        query="click on Local disk (C:) in Windows Explorer 

showing folders Intel and Perflogs", top_k=5 )  

 ......  

frames=clips.filter_object (text)

answer, confidence = query_mc(frames, prompt, choices)

       return answer, confidence

2) Training Pipeline

Video Embedding

Subtitle Embedding
Video Database

Multi-step visual program reasoning:
<planning> 
Task planning
 </planning>
<code> Visual Program  </code>

1. Multimodal Retrieval

2. Temporal Localization

3. Fine-grained Visual Extraction

4. Global Context Summarization

5. Reasoning and Answer Generation.

Tool Pool

Train dataset

Native Reasoning mode:
<planning>
Based on the video and the question, I will use native videoLLM
 reasoning mode to solve this task.
</planning>
<code>
def execute_command(video, question):
    return query_native(video, question, choices)
<code>

1) Adaptive Reasoning with Refinement

Video & Query

VideoPro

Prediction & 
Confidence

Stage1: SFT

Stage2: GRPO

R1: Native Reasoning Data
Input: Query
Output: Reasoning Mode-1 

R2: Multi-step Visual Program 
Reasoning
Input: Query
Output: Reasoning Mode–2 

R3: Refinement for Failed 
Execution
Input: Query + Failed Program + 
runtime log
Output:Corrected Visual Program

R4: Refinement for Low-
Confidence Reasoning
Input: Query + Incorrect / Low-
Confidence Program
Output: Corrected Prediction 
Program

Reward

1. Acc  Reward

2. Consistency Mode   

3. Format Reward

VideoLLM

GPT-5

VideoPro

Data 
synthesis

Figure 3: (a) Adaptive Reasoning & Self-Refinement: VideoPro dynamically selects between Native VideoLLM
and Multi-step visual program reasoning based on query complexity. Self-refinement is employed to correct failed
executions and low-confidence reasoning programs. (b) Training Pipeline: The process involves (1) SFT on the
reason-and-refine dataset, and (2) GRPO to optimize rewards for correctness, format validity, and consistency.

Group Relative Policy Optimization. To better312

align generation with the desired behavior, we fur-313

ther optimize VideoLLMs with GRPO (Guo et al.,314

2025). For each query, we sample a group of out-315

puts and maximize a composite reward:316

R = 0.5 · racc + 0.2 · rfmt + 0.3 · rmode, (3)317

where racc rewards answer correctness, rfmt penal-318

izes invalid program syntax, and rmode (Mode Con-319

sistency Reward, more details in Appendix A.3.)320

encourages selecting the reasoning mode consis-321

tent with the labels (where native VideoLLM can322

solve them with high confidence).323

4 Experiments324

Benchmarks We evaluate VideoPro on four325

benchmarks: (1) LongVideoBench (Wu et al.,326

2024), using the validation set across diverse du-327

rations; (2) VideoMME (Fu et al., 2024), where328

we focus on the long subset (> 600s) to assess329

long-range reasoning; (3) LVBench (Wang et al.,330

2024a), featuring extremely long videos (up to 2h)331

with complex temporal logic; and (4) MLVU (Zhou332

et al., 2025), a multi-task benchmark where we re-333

port results on the test set.334

Implementation Details We employ Qwen3-VL- 335

8B (Yang et al., 2025) and Qwen2.5-VL-7B (Bai 336

et al., 2025) as the backbone VideoLLM, utilizing 337

a strong proprietary LLM, GPT5 (OpenAI, 2025) 338

for data synthesis (which only inputs the query and 339

few-shot examples). For the video database, we 340

process long-duration videos by dividing them into 341

10-second clips. These segments are then encoded 342

using LanguageBind_Video (Zhu et al., 2023) and 343

paired with subtitles extracted by FFmpeg and 344

Whisper (Radford et al., 2023). The framework 345

integrates DEVA (Cheng et al., 2023) and Easy- 346

OCR to support object and text grounding. Imple- 347

mented within the MS-SWIFT framework (Zhao 348

et al., 2024), our two-stage training consists of SFT 349

on 5k trajectories from CG-Bench (Chen et al., 350

2024a) for 1 epoch, followed by Group Relative 351

Policy Optimization (GRPO) on 10k samples for 352

1 epoch. During inference, the model processes 353

up to 64 video frames, automatically triggering a 354

refinement process if the confidence score falls be- 355

low τ = 0.75. We set τ = 0.75 since it already 356

yields strong accuracy shown in Figure 2; while 357

higher confidence (e.g., 0.9) is even more reliable, 358

refining all such cases would be unnecessary. The 359
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Model Frames LVBench VideoMMEL LongVideoBench MLVU Avg.

CLOSED-SOURCE MODELS
GPT-4o (Hurst et al., 2024) 384 48.9 72.1 66.7 54.9 60.7
OpenAI o3 (OpenAI, 2025) 256 57.1 64.7 67.5 – –
Gemini-1.5-pro (Team et al., 2024) 256 33.1 67.4 58.6 – –
Seed1.5VL-pro (Team, 2025) 32 46.1 63.3 63.7 54.9 57.0

OPEN-SOURCE MODELS
Qwen2.5-VL-72B (Bai et al., 2025) 128 47.4 64.6 60.3 53.8 56.5
LongVILA-7B (Chen et al., 2024b) 256 – 52.1 57.7 49.0 –
VideoMind-7B (Liu et al., 2025) 2/FPS 40.8 49.2 – – –
Video-R1-7B (Feng et al., 2025) 64 36.2 48.4 53.9 – –
Video-XL-7B (Shu et al., 2025) 256 – 54.9 50.7 45.5 –
Qwen2.5-VL-7B (Bai et al., 2025) 64 38.3 50.0 58.6 48.0 48.7
Qwen3-VL-8B (Yang et al., 2025) 64 40.2 56.3 61.5 53.6 52.9

AGENTIC LLMS
VideoAgent (GPT-4) (Wang et al., 2024b) – – 46.2 – 52.2 –
VideoAgent (GPT-4) (Fan et al., 2024) – – 48.1 – 55.4 –
VideoTree (Qwen-Plus) – – 39.3 – 51.6 –

OURS (REASON + REFINE)
Qwen2.5-VL-7B + VideoPro 64 47.2 56.7 60.9 49.6 53.6 ↑4.9
Qwen3-VL-8B + VideoPro 64 49.7 68.8 64.5 55.2 59.6 ↑6.7

Table 1: Quantitative results on long-video benchmarks. We report performance across four benchmarks. Notably,
the trained VideoLLM within our VideoPro framework outperforms the native VideoLLM, achieving performance
gains of 4.9% and 6.7%, respectively.

sampling temperature is set to 0.7 when generates360

visual programs.361

Baselines Our comparative study involves three362

distinct categories of state-of-the-art models: (i)363

Closed-source models, represented by GPT-4o364

(Hurst et al., 2024), Gemini-1.5 Pro (Team et al.,365

2024), and Seed-1.5VL-Pro (Team, 2025); (ii)366

Open-source models, including Qwen2.5-VL (Bai367

et al., 2025), LongVILA-7B (Chen et al., 2024b),368

Video-XL-7B (Shu et al., 2025); (iii) Agentic frame-369

works: VideoAgent (Wang et al., 2024b) and370

VideoTree (Wang et al., 2025). All models are371

evaluated following their official decoding configu-372

rations to show the advantages of our framework.373

374

4.1 Main Results375

Table 1 summarizes the quantitative results on long-376

form video benchmarks. By adaptively switch-377

ing between native direct answering and program-378

based reasoning, VideoPro consistently improves379

over the corresponding native VideoLLM back-380

bones. The largest gains appear on benchmarks381

that demand long-range temporal aggregation. In382

particular, on LVBench and VideoMMEL, Video-383

Pro improves Qwen3-VL by more than 10% rel-384

ative. On LongVideoBench and MLVU, the gains385

remain consistent but are smaller (+3.0 and +1.6386

points, respectively), which we attribute to their387

Figure 4: Performance at varying confidence thresh-
olds. VideoPro exhibits robust performance on the Long
Video Benchmark across the wide interval of [0.4, 0.9].

broader mix of short- and long-horizon questions. 388

As native VideoLLMs are already highly capable 389

of handling the short-video subset, the overall gain 390

is naturally averaged down. 391

4.2 Ablation Studies 392

Reasoning Paradigms. We evaluate VideoPro 393

against three baseline paradigms: Native Vide- 394

oLLM, Multi-step Visual Program, and the base 395

Adaptive Reasoning without refinement. As re- 396

ported in Table 2, Native VideoLLM exhibits the 397

lowest latency but suffers from inferior accuracy 398

due to its limited reasoning depth. In contrast, 399
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Dataset Method Avg. Acc. (%) ↑ Output Len. ↓ Avg. Runtime ↓

VideoMMEL

Native VideoLLM 56.3 255 2.1s
Multi-step Visual Program 66.7 1496 8.2s
Adaptive Reasoning 66.8 825 5.2s

+ Refine 68.8 1326 7.1s

LVBench

Native VideoLLM 40.2 255 2.3s
Multi-step Visual Program 46.4 1594 8.2s
Adaptive Reasoning 48.1 1227 5.9s

+ Refine 49.7 1435 7.8s

Table 2: Performance and Efficiency Comparison. We evaluate efficiency-accuracy trade-offs across different
reasoning paradigms. VideoPro achieves the best balance by combining adaptive reasoning with refinement.

Method (w/o) VideoMMEL LVBench

Acc. ∆ Acc. ∆

Full Model 61.2 44.5

w/o Retrieval 57.3 −3.9 42.8 −1.7
w/o Temp. Loc. 57.5 −3.7 42.8 −1.7
w/o Fine-grained Vis. 58.1 −3.1 43.9 −0.6
w/o Global Context 56.6 −4.6 43.8 −0.7

Table 3: Ablation studies on different modules using
Qwen3-VL (SFT-only). We report the accuracy (%) and
the performance drop (∆).

Multi-step Visual Program improves performance400

at the expense of a significant increase in output401

length and runtime. The base Adaptive Reasoning402

achieves a more favorable trade-off by reducing403

computational overhead while maintaining high404

accuracy. By incorporating the refinement stage,405

VideoPro achieves the best performance, reaching406

68.8% on VideoMMEL and 49.7% on LVBench.407

These results demonstrate that the self-refinement408

mechanism effectively rectifies execution failures409

and low-confidence reasoning programs, striking410

an optimal balance between reasoning quality and411

execution efficiency.412

Confidence Threshold We examine the effect413

of the confidence threshold τ , which serves as the414

decision boundary for our model’s reasoning pro-415

cess. As shown in Figure 4, increasing τ from416

0.40 to 0.75 consistently improves performance417

across all benchmarks. Specifically, LVBench and418

LongVideoBench achieve their peak accuracy of419

49.7% and 64.5%, respectively at τ = 0.75. How-420

ever, further raising the threshold to 0.90 leads to a421

slight performance degradation on these datasets,422

implying that an excessively strict threshold might423

filter out valid cues or reasoning paths.424

Base Model Strategy VideoMMEL LVBench

Reasoning +Refine Reasoning +Refine

Qwen3-VL
SFT 61.2 65.0 44.5 49.1
SFT+GRPO 66.8 68.8 48.1 49.7

Qwen2.5-VL
SFT 52.2 58.1 42.1 46.7
SFT+GRPO 53.2 56.7 45.4 47.2

Table 4: Ablation of training strategies and refinement
mechanisms across models.

Short Medium Long
40

50

60

70

80

Ac
cu

ra
cy

 (%
)

-0.5

+5.2

+5.3

Qwen3-VL-8B

Short Medium Long

+0.6

+3.1

+2.5

Qwen2.5-VL-7B

Base
w/ VideoPro

Figure 5: Accuracy on LongVideoBench and
VideoMME across different video durations.

Video Modules. Table 3 presents an ablation 425

study on the Qwen3-VL (SFT) backbone to eval- 426

uate the contribution of individual components 427

within our library M. Global Context Summa- 428

rization is indispensable for long-form reasoning, 429

as its removal causes the most significant perfor- 430

mance drop on VideoMMEL, where the accuracy 431

decreases from 61.2% to 56.6%. Regarding precise 432

grounding, omitting either Multimodal Retrieval or 433

Temporal Localization leads to a marked regression 434

in LVBench accuracy, dropping to 42.8%. Further- 435

more, the absence of Fine-grained Visual Extrac- 436

tion consistently impairs performance across all 437

benchmarks. Collectively, these results empirically 438

validate the necessity of our coarse-to-fine design, 439

as the full pipeline achieves the optimal balance 440

between efficiency and accuracy. 441
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def execute_command(video, question):

    target_phrase = "the old people that can't work anymore"

    intervals = get_informative_subtitles(..., top_k=3)

    all_frames = []

   for interval in  intervals:

        start, end = interval

        subtitles = get_subtitles_in_range(video_path, interval)

        # Use a tighter window (10s) to capture the specific physical reaction

        frames = trim_around(video_path, start, intervals=10, num_frames=32)

        all_frames.extend (frames)

   visual_query = "In front of a light yellow wall, there is a woman wearing ..."

     _, clip_paths = get_informative_clips(video visual_query, top_k=3)

    frames = extract_frames(clip_paths, num_frames=32)

    all_frames.append(frames)

    # 3. Action Focusing (Crop to the person)

    # We focus the frames on the woman.

    focused_frames = []

    for f in frames:

        woman_box = detect_object(f, "woman")

        focused_frames.append(crop(f, woman_box[0])  if woman_box else f)

    # 4. Reasoning and Answer Generation

    prompt = (f"What iswoman with pink hat wearing?")

    return query_mc(focused_frames, prompt, choices)

<code>

def execute_command(video, question):

    interval = get_informative_subtitles(...top_k=1)

   start,end=interval

    frames = []

    subtitles = ""

    subtitles = get_subtitles_in_range(...)

    frames = trim_around(...)

    if not frames:

            frames = extract_frames (video, 

num_frames=32)

    prompt = (f"What is woman with pink hat 

wearing?")

    return query_mc(frames, prompt, choices)

<code>

<planning>
Based on the video and the question, I will use 
native videoLLM
 reasoning mode to solve this task.
</planning>

<code>
def execute_command(video, question):
    return query_native(video, question, choices)
<code>

Native VideoLLM Reasoning

 q

 Video Query: 
In the video, there are tomatoes and zucchini in the pan. 

A hand is holding a spatula. What is this hand doing?

(A) Adding sugar to the spatula  

(B) Taking out the tomatoes with the spatula  

(C) Adding salt to the spatula 

 (D) Stir-frying the  zucchini and tomatoes

VideoPro

<planning>
Based on the video and the question, I will use visual program 
reasoning mode to solve this task. Goal: Identify what the 
woman with the pink hat is wearing when the subtitle "the old 
people that can't work anymore" is mentioned. Plan:
 1) Use audio subtitle retrieval to locate the interval where the 
specified subtitle appears.
2) Trim frames around that interval to capture 
the visual context.
3) Query the multiple-choice model with the frames to select 
the correct clothing description.
</planning>

Multi-step visual program reasoning

Multi-step visual program reasoning

 q

 Video Query: 
In front of a light yellow wall, there is a woman 

wearing a pink hat sitting with another woman with 

long hair wearing a dark blue outfit. When the subtitle 

mentions 'the old people that can't work anymore,' 

what is the woman with the pink hat wearing?

A. red short sleeves

B. red long sleeves

C. black long sleeves

D. pink short sleeves VideoPro

Video frames for Reasoning and Answer Generation:

Video frames for Reasoning 
 and Answer Generation:

Video frames for Reasoning 
 and Answer  Generation:

VideoPro

Refine

Figure 6: Cases of adaptive program reasoning: native VideoLLM reasoning, multi-step visual program reasoning,
and reasoning with refinement where it explicitly invokes vision modules to capture fine-grained details.

Training Strategies. We study the effectiveness442

of our two-stage learning framework by com-443

paring models trained with SFT against our full444

SFT+GRPO pipeline. As shown in Table 4, while445

SFT provides the basic reasoning and tool-use ca-446

pabilities, adding GRPO leads to a clear perfor-447

mance boost. For example, Qwen3-VL with base448

reasoning improves from 61.2% to 66.8% after449

GRPO training. This improvement shows that rein-450

forcement learning helps the model better handle451

complex queries through reward alignment. Fur-452

thermore, the Refinement module consistently im-453

proves results under both training settings. For454

instance, it increases the SFT-only score of Qwen3-455

VL from 61.2% to 65.0%. These results prove that456

encouraging the model to self-correct its reasoning457

paths effectively reduces errors in difficult cases.458

Overall, the combination of GRPO training and the459

Refinement module achieves the best performance.460

Video Durations. We evaluate VideoPro across461

three duration groups: Short (< 2 min), Medium462

(2–15 min), and Long (> 15 min). As shown in463

Figure 5, while performance on Short videos re-464

mains comparable to the baselines, VideoPro sig-465

nificantly improves accuracy as duration increases.466

Specifically, for Qwen3-VL-8B, we observe abso-467

lute gains of 5.2% and 5.3% on the Medium and468

Long splits, respectively. This trend, where the469

performance gap widens with video length, shows470

VideoPro’s efficacy in handling long videos.471

4.3 Case Study472

We present representative cases in Figure 6 to show473

the adaptive reasoning and refinement process of474

VideoPro. For simple actions, the model utilizes 475

Native VideoLLM reasoning to directly predict 476

the action, ensuring efficiency. For complex long- 477

video queries (middle), the planner invokes Multi- 478

step visual program reasoning to ground spe- 479

cific subtitles and locate relevant intervals. To fur- 480

ther enhance precision, VideoPro performs self- 481

refinement by employing detect_object and 482

crop to isolate the target and filter out noise and 483

retrieve relevant clips using scene-level textual de- 484

scriptions. Crucially, VideoPro integrates the native 485

ability to reason over uniformly sampled frames 486

with the program’s capability to provide localized 487

visual evidence. 488

5 Conclusion 489

We propose VideoPro, a unified and adaptive 490

reason-refine framework for long-form video un- 491

derstanding that explicitly balances accuracy and 492

efficiency. To overcome the rigidity of static in- 493

ference, VideoPro performs adaptive planning to 494

select between native mode (direct answering with 495

the native VideoLLM) and program mode (multi- 496

step, executable visual programs) based on the 497

query’s reasoning demands. To improve robustness 498

on challenging grounding and temporal reasoning, 499

we introduce a dual-signal self-refinement mecha- 500

nism that uses execution feedback and confidence- 501

aware triggers to detect and correct failures. Fi- 502

nally, we integrate these components into a GRPO- 503

based training pipeline, enabling VideoPro to 504

achieve strong empirical performance while pro- 505

ducing multi-step reasoning steps through exe- 506

cutable programs. 507
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Limitations508

VideoPro works well for long-form video under-509

standing but has some limitations: (1) its temporal510

grounding depends on a manually curated vision-511

module library, reducing zero-shot flexibility and512

requiring manual integration or task-specific train-513

ing for new categories/domains; (2) it can be over-514

confident (e.g., confidence > 0.9 on wrong rea-515

soning/answers), so self-refinement may fail when516

the VideoLLM is confidently wrong, potentially517

misleading users.518

Ethics and Potential Risks519

Deploying VideoPro raises ethical concerns about520

reliability in high-stakes settings: its overconfi-521

dence can cause “silent failures” (e.g., forensics522

or autonomous monitoring) where wrong outputs523

with high certainty bias human decisions. Because524

it uses LLMs for program synthesis and summariza-525

tion, it is also vulnerable to hallucinations. Finally,526

since training data is teacher-synthesized and op-527

timized via GRPO, societal or cultural biases in528

teacher models may be absorbed and amplified.529
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A Appendix729

A.1 Vision modules730

We implement a general video module library to731

facilitate coarse-to-fine video reasoning. This li-732

brary streamlines the transition from global context733

retrieval to fine-grained visual probing. We sum-734

marize the API reference, where each module is735

specialized for a distinct sub-task to ensure efficient736

and accurate program execution:737

• Multimodal Retrieval. Retrieves semanti-738

cally relevant clips and transcripts with offline739

embeddings efficiently, avoiding exhaustive740

frame-by-frame scanning and significantly re-741

ducing the search space from the frame level742

to the clip level.743

• Temporal Localization. Taking the identi-744

fied temporal intervals as input, the module745

retrieves the corresponding video frames and746

subtitles. This filtering reduces irrelevant con-747

text and focuses the model on query-relevant748

visual and textual evidence.749

• Fine-grained Visual Extraction. Conducts750

detailed analysis on selected frames, such as751

object detection and optical character recogni-752

tion (OCR), to extract fine visual details.753

• Global Context Summarization. Aggregates754

key thematic and narrative information from755

the full transcript, providing essential con-756

text for queries requiring understanding of the757

video’s overall storyline.758

• Reasoning and Answer Generation. Inte-759

grates gathered evidence to generate final an-760

swers. VideoPro is prompted to answer the761

question with frames by outputting a single762

uppercase letter.763

A.2 Prompt Details764

We prompt GPT-5 with the vision-module speci-765

fications (Fig. 7) and few-shot examples (Fig. 8)766

to synthesize a multi-step visual program. Concur-767

rently, the native VideoLLM processes the query,768

yielding a prediction with a confidence score via769

query_native; high-confidence outputs serve as770

labels for the native reasoning mode. VideoPro771

initiates with Adaptive Reasoning (Fig. 9), where772

native outputs adhere to the format in Fig. 10 and773

multi-step outputs follow Fig. 8. Subsequently,774

VideoPro applies a refinement mechanism when775

program execution fails or confidence is insuffi-776

cient: execution failures trigger prompt_refine1777

Dataset Native (%) Program (%) Refinement (%)

LongVideoBench 29.4 70.6 35.9
LVBench 17.7 82.3 55.5

Table 5: Distribution of execution modes and refinement
ratios.

(Fig. 11), while low-confidence outcomes in native 778

and multi-step reasoning utilize Fig. 12 and Fig. 13, 779

respectively. 780

A.3 Mode Consistency Reward 781

We design the mode consistency reward to encour- 782

age the model to select the native reasoning mode 783

only when the backbone VideoLLM can solve the 784

query correctly and confidently without invoking 785

auxiliary modules. For each training sample, we 786

first run query_native to obtain a native predic- 787

tion and its confidence score (Ânat, cnat), where 788

cnat is computed from the output token probabili- 789

ties. We then define an oracle mode label m⋆ as: 790

m⋆ =

{
native, if Ânat = y and cnat ≥ τ,

program, otherwise,
791

where y is the ground-truth answer and τ is a con- 792

fidence threshold (0.75). Finally, we define 793

rmode = I[m = m⋆], 794

So the model is rewarded for selecting the native 795

reasoning mode on simple queries and the program 796

reasoning mode otherwise. 797

A.4 Execution Mode Analysis 798

Table 5 summarizes the distribution of execution 799

modes in VideoPro. The majority of queries across 800

both benchmarks are processed via multi-step pro- 801

gram reasoning. This is particularly evident on 802

LVBench, where 82.3% of tasks utilize the pro- 803

gram mode. Such results highlight the necessity 804

of multi-step reasoning for complex long-video 805

understanding. Additionally, LVBench triggers 806

the refinement mechanism more frequently than 807

LongVideoBench, reaching a ratio of 55.5%. 808
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1 # --- 1. Multimodal Retrieval ---
2 def get_informative_clips(video_path , query , top_k=3, total_duration=None):
3 """Retrieves visual intervals based on semantic text descriptions."""
4 pass
5

6 def get_informative_subtitles(video_path , query , top_k=1, total_duration=None):
7 """Retrieves intervals using audio subtitle text matching."""
8 pass
9

10 # --- 2. Temporal Localization ---
11 def trim_around(video_path , timestamp , intervals =30, num_frames =64):
12 """Extracts frames centered at a specific timestamp."""
13 pass
14

15 def trim_frames(video_path , start , end , num_frames =64):
16 """Retrieves frames within a specified [start , end] interval."""
17 pass
18

19 # --- 3. Fine -grained Visual Extraction ---
20 def detect_object(frame , text , box_threshold =0.5, text_threshold =0.25):
21 """Locates specific objects within a frame."""
22 pass
23

24 def run_ocr(frame):
25 """Extracts visual text (OCR) from the frame."""
26 pass
27

28 # --- 4. Global Context Summarization ---
29 def get_subtitle_hints(video_path , question , choices , duration , word_number =300):
30 """Summarizes narrative context from the full transcript."""
31 pass
32

33 # --- 5. Reasoning and Answer Generation ---
34 def query_native(video_path , question , choices):
35 """
36 Native VideoLLM reasoning.
37 Returns: (prediction , confidence_score)
38 """
39 pass
40

41 def query_mc(frames , question , choices):
42 """
43 Multiple -choice QA based on localized frames.
44 Returns: (prediction , confidence_score)
45 """
46 pass

Listing 1: Some API Reference for Video Module Library
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Vision Modules API Definitions

1. Multimodal Retrieval (Offline semantic search)

• get_informative_clips(video, query, k=3): Returns relevant visual intervals.

• get_informative_subtitles(video, query, k=1): Returns intervals based on audio text.

2. Temporal Localization (Context filtering)

• trim_{after, before, around, frames}(...): Slices video into target temporal segments.

3. Fine-grained Visual Extraction (Local detail analysis)

• detect_object(frame, text): Returns bounding boxes for specified objects.

• run_ocr(frame): Extracts visual text; crop(frame, box): Zooms into regions.

4. Global Context Summarization (Narrative aggregation)

• get_subtitle_hints(video, question, choices): Summarizes full-transcript evidence.

5. Reasoning and Answer Generation (VideoLLM inference)

• query_native(video, q, c): Native VideoLLM reasoning for direct option selection.

• query_mc(frames, q, c) / query_yn(frames, q): VQA over localized frames.

Figure 7: The predefined API library for our vision modules. The system decomposes complex queries into sub-tasks
using these five functional blocks to bridge the gap between raw video data and program reasoning.
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Few-shot Example for Visual Program Reasoning

Question: In the video, a woman wearing glasses and a brown top folded the lower right corner of
the book. What vegetables were on the book?
Choices:

• A. pumpkins B. beans C. corn D. carrots E. squash F. peas G. potatoes

<planning>
Based on the video and the question, I will use the visual program reasoning mode to solve this
task. First, retrieve clips showing the woman in glasses and a brown top, folding the book. Then,
filter frames containing the book. If no such frames are found, use all frames. Finally, query the
model to identify the vegetables on the book from the given choices.
</planning>

<code>
def execute_command(video, question):

intervals, clip_paths = get_informative_clips(
video,
"woman wearing glasses and a brown top folding the book",
top_k=1,

)
frames = []
for clip in clip_paths:

frames.extend(extract_frames(clip))
book_frames = []
for frame in frames:

if detect_object(frame, "book"):
book_frames.append(frame)

if not book_frames:
book_frames = frames

prompt = "What vegetables were on the book?"
return query_mc(book_frames, prompt, choices)

</code>

Figure 8: Few-shot Example of Visual Program reasoning.
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Adaptive Reasoning Prompt

You will receive a multiple-choice question about a video. Your output must define a Python
function in the following format:

<planning>
Briefly judge whether the question can be direct solved by videoLLM and plan the main API calls
and reasoning steps you will use.

• If it can be answered, use native reasoning mode with a single query_native call.

• If it needs long-range or multi-step reasoning, use more detailed visual program mode with
other modules (retrieval, subtitles, frame analysis, etc.).

</planning>

<code>
Write a Python function in the following format.

def execute_command(video, question):
# Visual program code (no comments needed inside the code body).
...
return answer

</code>

Figure 9: Adaptive Reasoning Prompt Template. (Input for R1 & R2)

Native VideoLLM Reasoning Output

<planning>
Based on the video and the question, I will use native videoLLM reasoning mode to solve this task.
</planning>

<code>
def execute_command(video, question):

return query_native(video, question, choices)
</code>

Figure 10: Example Output for Native VideoLLM Reasoning Mode. (Output for R1)

Refinement for Failed Program

You will receive a multiple-choice question about a video and a Python visual program in the
execute_command format, and a runtime error log from running this program.

{question_with_choices}

Buggy visual program: {}

Runtime error log: {}

Refine this visual program by fixing the bugs.

Figure 11: Refinement Prompt for Failed Program. (Input for R3)
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Refinement for Low-Confidence Native Reasoning

You will receive a multiple-choice question about a video and an existing visual program that only
uses the native-mode helper API query_native.

{question_with_choices}

Current native visual program:
<code>
def execute_command(video, question):

return query_native(video, question, choices)
</code>

Refine this visual program.

Figure 12: Refinement Prompt for Low-Confidence Native Reasoning. (Input for R4)

Refinement for Low-Confidence Program Reasoning

You will receive a multiple-choice question about a video and an existing visual program.

{question_with_choices}

Current visual program: {}

Refine this visual program to improve its reasoning and correctness.

Figure 13: Refinement Prompt for Low-Confidence Program Reasoning. (Input for R4)

Prompt for Answer Generation

Select the best answer to the following multiple-choice question based on the video. Respond with
only the letter (A, B, C, or D or other letter) of the correct option.

{question_with_choices}

Output a single letter. The best answer is:

Figure 14: Prompt for Answer Generation. This prompt guides the model to output a distinct uppercase letter
prediction consistent with the vision module interface.
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