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Abstract

Understanding long videos remains challeng-
ing due to the sparsity of visual evidence rele-
vant to a given query. Prior work has explored
program-based visual grounding, typically rely-
ing on executable programs generated by aux-
iliary large language models. However, when
scaling to long videos, existing approaches face
several critical limitations: (1) frame-centric
vision modules are often insufficient for long
video processing; (2) naively applying program-
based reasoning to all queries incurs consider-
able computational overhead; and (3) errors
arising from low-confidence predictions and
imperfect program execution are difficult to re-
cover from. To address these challenges, we
propose VideoPro, a unified framework that
enables VideoLLMs to adaptively reason over
long videos and refine their predictions through
executable programs. VideoPro first performs
adaptive reasoning, dynamically determining
whether a query can be resolved directly by
the native VideoLLM or requires explicit multi-
step program reasoning. For complex queries,
the model decomposes the task into executable
programs that invoke specialized vision mod-
ules for precise temporal and semantic ground-
ing. To further improve robustness, VideoPro
incorporates a self-refinement mechanism that
leverages execution feedback and confidence
signals to correct erroneous executions and re-
fine low-confidence reasoning programs. By
tightly integrating adaptive reasoning with self-
refinement, VideoPro consistently outperforms
prior methods across multiple long-video un-
derstanding benchmarks, yielding an average
6.7% improvement for Qwen3-VL-8B.

1 Introduction

Long-video understanding is fundamentally chal-
lenged by the sparsity and long-range dispersion of
query-relevant visual evidence. Effective reason-
ing, therefore, requires precise temporal grounding

and multi-step integration across distant segments,
rendering dense frame-level processing computa-
tionally intractable. Program-based visual ground-
ing has been proposed to support explicit multi-
step reasoning by executing LLM-generated pro-
grams over modular vision components (Gupta
and Kembhavi, 2023; Suris et al., 2023; Mahmood
et al., 2024; Gao et al., 2024) (Figure 1). However,
when scaled to long videos, existing methods ex-
hibit three critical limitations. (1) Frame-centric
vision modules are insufficient for long-range tem-
poral and semantic grounding. (2) Uniform pro-
gram invocation is inefficient: many queries can be
answered directly by native VideoLLMs, which
already achieve nearly 90% accuracy in high-
confidence cases without program execution (Fig-
ure 2). (3) Error recovery is fragile: low-confidence
predictions and imperfect executions can cascade
under static, one-shot program pipelines, with lim-
ited mechanisms for correction.

To address these challenges, we propose Video-
Pro, a unified framework that synergizes adaptive
reasoning with refinement for efficient long-form
video understanding. VideoPro functions as a dy-
namic planner, determining on-the-fly whether a
query can be resolved by the native VideoLLMs or
requires multi-step visual programming. For com-
plex queries, it decomposes the task into structured
sub-tasks and selectively invokes vision modules
to retrieve, localize, and inspect relevant informa-
tion. To support the latter, VideoPro integrates a
library of general video modules, including mul-
timodal retrieval, temporal localization, and fine-
grained visual extraction. To further improve ro-
bustness, VideoPro incorporates a self-refinement
mechanism, which revises failed executions and
low-confidence reasoning programs, ensuring ro-
bust reasoning against static programs.

To instantiate this framework, we leverage ad-
vanced LLMs to synthesize high-quality visual pro-
grams and use the native VideoLLM’s initial pre-
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Figure 1: Comparison of prior methods and VideoPro: effective and reliable adaptive reasoning with refinement.

diction to decide whether a query can be solved
directly or should be routed to explicit visual pro-
gram reasoning. We categorize execution programs
into failures, successful executions with incorrect
predictions, and correct predictions to construct
a reason-and-refine supervision dataset. We then
train a unified VideoLLM to internalize the ability
of adaptive reasoning and self-refinement, further
optimized using Group Relative Policy Optimiza-
tion (GRPO). Extensive experiments demonstrate
that VideoPro achieves superior stability and per-
formance on long-form video benchmarks, surpass-
ing GPT-40 on LVBench with 49.7% accuracy and
boosting Qwen3-VL-8B’s performance by 6.7% on
average. Our main contributions are:

* Effective Adaptive Reasoning. We introduce
a query-level adaptive mechanism that dynam-
ically selects between native VideoLLM rea-
soning and multi-step visual program reason-
ing, achieving an optimal balance between
performance and efficiency.

* Reliable Refinement. We propose a self-
refinement mechanism guided by execution
and confidence signals, enhancing the reliabil-
ity of program-based reasoning.

* Promising Performance on Long-Form Video.
We design a suite of general video modules

for retrieval, localization, and inspection, en-
abling our VideoPro to achieve consistent im-
provements across multiple challenging long-
video benchmarks.

2 Related Work

2.1 Long-form Video Understanding

Understanding long-form videos requires identi-
fying and connecting sparse evidence distributed
across extensive temporal horizons (Wu et al.,
2024; Fu et al., 2024). Current Video-LLMs
typically extend image-based multimodal frame-
works (Liu et al., 2023) by sampling multiple
frames to capture temporal dynamics (Li et al.,
2023; Zhang et al., 2023b; Lin et al., 2023; Li et al.,
2024). These models generally align visual fea-
tures with the language space using a frame-wise
encoder followed by a projection module. Despite
recent advancements in spatio-temporal represen-
tations (Li et al., 2023; Bai et al., 2025), dense
processing of long videos remains computationally
prohibitive. To mitigate this, alternative strategies
leverage textual summaries or keyframe caption-
ing (Zhang et al., 2023a; Wang et al., 2024b, 2025);
however, while these methods enhance scalability,
they often sacrifice fine-grained visual details and
involve complex, multi-step inference. To address
this, some strategies use captioning or keyframe



summarization to create textual representations for
LLMs (Zhang et al., 2023a; Wang et al., 2024b,
2025), which improve scalability but can lose fine-
grained temporal details and require multiple infer-
ence steps. VideoPro addresses this trade-off by
leveraging native VideoLLMs for video understand-
ing while selectively invoking targeted modules to
capture key visual evidence when necessary.

2.2 Visual Program Reasoning

Visual program reasoning empowers LLMs to de-
compose queries into executable programs that
orchestrate perception tools (Gupta and Kemb-
havi, 2023; Choudhury et al., 2023). However,
existing frameworks are predominantly tailored for
images or short clips and often suffer from brit-
tleness in complex environments. For instance,
ViperGPT (Suris et al., 2023) integrates visual mod-
ules for image and short-video QA (Choudhury
et al., 2023), while VURF (Mahmood et al., 2024)
enhances program reliability. These efforts posi-
tion LLMs as general-purpose planners for decom-
posing complex tasks into interpretable steps. We
extend this paradigm by introducing Adaptive Rea-
soning to determine when to invoke programs for
long-form videos dynamically.

2.3 Adaptive Reasoning and Refinement

Adaptive computation allocates resources based
on problem complexity, akin to the “System 1 vs.
System 2” duality (Evans, 2003; Xiao et al., 2025;
Sun et al., 2025; Zhang et al., 2025; Sun et al.,
2024). Complementary to this, self-refinement en-
hances reliability by revising outputs based on feed-
back (Madaan et al., 2023). While prior works of-
ten treat routing and refinement as separate prompt-
ing strategies, VideoPro unifies them into a learn-
able framework. We train a unified VideoLLM
to jointly perform Adaptive Reasoning and Itera-
tive Refinement, ensuring robust performance for
long-form video understanding.

3 Method

3.1 Overview

Given a long-form video V' = {fi1,..., fr} and a
natural language query (), our goal is to generate
an accurate answer A with low computational cost.
In long-form videos, task-relevant evidence is of-
ten sparse and temporally dispersed, making dense
frame-wise processing inefficient and largely re-
dundant. We thus cast long-form video understand-
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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
centered around two core mechanisms: adaptation
and refinement. As illustrated in Figure 3, Video-
Pro implements a unified adaptive reason-refine
process with two coupled components. (1) Adap-
tive Reasoning: VideoPro adaptively routes each
query to either native reasoning (direct answer gen-
eration with native VideoLLM reasoning) when it
is confident, or program reasoning that explicitly
composes and executes multi-step video modules
when tool use is necessary. (2) Self-Refinement:
conditioned on runtime feedback (e.g., execution
failures) and low-confidence predictions, VideoPro
revises the generated program and re-executes it to
recover from errors and improve answer reliability.

3.2 Video Module Library

Prior approaches are mostly frame-centric, often
running VQA models (e.g., BLIP-2) on every sin-
gle frame to find key visual information (e.g.,
checking for the presence of a text object) (Choud-
hury et al., 2023; Suris et al., 2023). While this
works for short clips, it is extremely slow and in-
efficient for long videos. In contrast, VideoPro
adopts a general video module library tailored for
long contexts. Rather than checking every frame
blindly, we adopt a coarse-to-fine pipeline: pro-
gressing from global semantic retrieval to precise
temporal localization, and finally to fine-grained
visual information. We structure the capabilities of
VideoPro into five core modules: Multimodal Re-
trieval, Temporal Localization, Fine-grained Visual
Extraction, Global Context Summarization, and
Reasoning and Answer Generation. In addition to
these core modules, VideoPro utilizes basic Python



operations as underlying utilities. More details for
each vision module are provided in Appendix A.1.

3.3 Visual Programming

To facilitate multi-step program reasoning with vi-
sion modules, VideoPro frames long-video under-
standing as the execution of a synthesized program
P over a module library M. We formally define
the execution interface as:

(A, ¢) = Exec(P | V,Q, M), (1)

where A denotes the predicted answer, ¢ € [0, 1]
is the associated confidence score. This explicit
formalism uncovers intermediate reasoning steps,
providing essential diagnostic signals for the subse-
quent refinement stage. Specifically, the confidence
score c is derived from the distribution as:

L
1 . .
c = exp (L E log pp(a; | V,Q,aq)) , (2
=1

where A = {ay,...,ar} denotes the generated
response of length L.

3.4 Adaptive Reasoning

To balance reasoning effectiveness with compu-
tational efficiency, VideoPro introduces Adaptive
Reasoning via query-conditioned task planning.
Given a query (), the model acts as a planner that
adaptively selects one of two reasoning modes:

* Native VideoLLM reasoning: If the Video-
Pro determines that the query can be answered
using holistic understanding with native Vide-
oLLM, it will generate programs that only use
the query_native module as a single-step pro-
gram call. Without multi-step reasoning, the
VideoLLM will generate the prediction directly
from the video frames, avoiding unnecessary vi-
sion module invocations.

* Multi-step visual program reasoning: If Video-
Pro identifies a need for multi-step and video
modules, it will explicitly collect multi-step evi-
dence before deriving the answer.

In both modes, the model outputs an answer A
along with a confidence score ¢, which serves as a
critical quality indicator for the refinement stage.

3.5 Self-Refinement

To improve robustness against the rigidity of static
visual programs that are produced in a single pass,

VideoPro incorporates a self-refinement mecha-
nism designed to correct invalid executions and
revise low-confidence reasoning programs:

* Refinement for failed executions: When a vi-
sual program encounters a runtime failure (e.g.,
empty retrieval results or invalid arguments), the
model inspects the execution log to diagnose the
issue and refine a corrected program.

* Refinement for Low-Confidence Reasoning:
Even if execution completes successfully, the
prediction may have low confidence. If ¢ < 7
the model modifies the reasoning program, such
as broadening the retrieval scope or adjusting in-
voked modules, and re-executes the refined pro-
gram to produce a more reliable answer.

3.6 Training Pipeline

We denote our trained VideoLLMs to execute the
framework end-to-end using a two-stage pipeline:
Supervised Fine-Tuning (SFT), followed by Group
Relative Policy Optimization (GRPO) to further en-
hance reasoning quality and efficiency. To facilitate
reproducibility, we provide the detailed prompts in
our tasks in Appendix A.2.

Supervised Fine-Tuning. We construct a reason-
and-refine dataset using a teacher model, covering
three execution trajectories: runtime failures, suc-
cessful executions with incorrect predictions, and
correct predictions. The supervision is organized
into two types:

* Adaptive Reasoning Supervision: To train
VideoLLMs to select appropriate reasoning
modes, we categorize each query into different
reasoning regimes. Queries that can be correctly
answered by the native VideoLLM with high con-
fidence (¢ > 0.75) are supervised with Native
Reasoning (R1); Otherwise, they are supervised
with Multi-step Visual Program Reasoning
(R2), where ground-truth correct predictions of
visual programs are provided.

* Refinement Supervision: To enable reasoning
refinement, we construct supervision signals: (i)
Execution Failure Refinement (R3), where failed
programs and their runtime logs are paired with
correct predictions of visual programs; and (ii)
Low-Confidence / Incorrect Reasoning Refine-
ment (R4), where programs yielding incorrect or
low-confidence predictions are revised into cor-
rected prediction programs. We provide relevant
prompts in Appendix A.2.
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Group Relative Policy Optimization. To better
align generation with the desired behavior, we fur-
ther optimize VideoLLMs with GRPO (Guo et al.,
2025). For each query, we sample a group of out-
puts and maximize a composite reward:

R=05- Tacc + 0.2- T'fmt + 0.3- T'mode > (3)

where 7, rewards answer correctness, gy penal-
izes invalid program syntax, and 7pod. (Mode Con-
sistency Reward, more details in Appendix A.3.)
encourages selecting the reasoning mode consis-
tent with the labels (where native VideoLLM can
solve them with high confidence).

4 Experiments

Benchmarks We evaluate VideoPro on four
benchmarks: (1) LongVideoBench (Wu et al.,
2024), using the validation set across diverse du-
rations; (2) VideoMME (Fu et al., 2024), where
we focus on the long subset (> 600s) to assess
long-range reasoning; (3) LVBench (Wang et al.,
2024a), featuring extremely long videos (up to 2h)
with complex temporal logic; and (4) MLVU (Zhou
et al., 2025), a multi-task benchmark where we re-
port results on the test set.

Implementation Details We employ Qwen3-VL-
8B (Yang et al., 2025) and Qwen2.5-VL-7B (Bai
et al., 2025) as the backbone VideoLLM, utilizing
a strong proprietary LLM, GPT5 (OpenAl, 2025)
for data synthesis (which only inputs the query and
few-shot examples). For the video database, we
process long-duration videos by dividing them into
10-second clips. These segments are then encoded
using LanguageBind_Video (Zhu et al., 2023) and
paired with subtitles extracted by FFmpeg and
Whisper (Radford et al., 2023). The framework
integrates DEVA (Cheng et al., 2023) and Easy-
OCR to support object and text grounding. Imple-
mented within the MS-SWIFT framework (Zhao
et al., 2024), our two-stage training consists of SFT
on 5k trajectories from CG-Bench (Chen et al.,
2024a) for 1 epoch, followed by Group Relative
Policy Optimization (GRPO) on 10k samples for
1 epoch. During inference, the model processes
up to 64 video frames, automatically triggering a
refinement process if the confidence score falls be-
low 7 = 0.75. We set 7 = 0.75 since it already
yields strong accuracy shown in Figure 2; while
higher confidence (e.g., 0.9) is even more reliable,
refining all such cases would be unnecessary. The



Model Frames LVBench VideoMME; LongVideoBench MLVU Avg,
CLOSED-SOURCE MODELS

GPT-40 (Hurst et al., 2024) 384 48.9 72.1 66.7 54.9 60.7
OpenAl 03 (OpenAl, 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) 128 474 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) 64 383 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 - 554 -
VideoTree (Qwen-Plus) - 393 - 51.6 -
OURS (REASON + REFINE)

Qwen2.5-VL-7B + VideoPro 64 472 56.7 60.9 49.6  53.614.9
Qwen3-VL-8B + VideoPro 64 49.7 68.8 64.5 55.2 59.616.7

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 generates
visual programs.

Baselines Our comparative study involves three
distinct categories of state-of-the-art models: (i)
Closed-source models, represented by GPT-40
(Hurst et al., 2024), Gemini-1.5 Pro (Team et al.,
2024), and Seed-1.5VL-Pro (Team, 2025); (ii)
Open-source models, including Qwen2.5-VL (Bai
et al., 2025), LongVILA-7B (Chen et al., 2024b),
Video-XL-7B (Shu et al., 2025); (iii) Agentic frame-
works: VideoAgent (Wang et al., 2024b) and
VideoTree (Wang et al., 2025). All models are
evaluated following their official decoding configu-
rations to show the advantages of our framework.

4.1 Main Results

Table 1 summarizes the quantitative results on long-
form video benchmarks. By adaptively switch-
ing between native direct answering and program-
based reasoning, VideoPro consistently improves
over the corresponding native VideoLLM back-
bones. The largest gains appear on benchmarks
that demand long-range temporal aggregation. In
particular, on LVBench and VideoMME, Video-
Pro improves Qwen3-VL by more than 10% rel-
ative. On LongVideoBench and MLVU, the gains
remain consistent but are smaller (+3.0 and +1.6
points, respectively), which we attribute to their
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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.
As native VideoLLMs are already highly capable
of handling the short-video subset, the overall gain
is naturally averaged down.

4.2 Ablation Studies

Reasoning Paradigms. We evaluate VideoPro
against three baseline paradigms: Native Vide-
oLLM, Multi-step Visual Program, and the base
Adaptive Reasoning without refinement. As re-
ported in Table 2, Native VideoLLM exhibits the
lowest latency but suffers from inferior accuracy
due to its limited reasoning depth. In contrast,



Dataset Method Avg. Acc. (%) T Output Len. | Avg. Runtime |
Native VideoLLM 56.3 255 2.1s
. Multi-step Visual Program 66.7 1496 8.2s
VideoMME Adaptive Reasoning 66.8 825 5.2s
+ Refine 68.8 1326 7.1s
Native VideoLLM 40.2 255 2.3s
Multi-step Visual Program 46.4 1594 8.2s
LVBench 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) VideoMME, LVBench
Acc. A Ace. A

Full Model 61.2 44.5

w/o Retrieval 573 —=3.9 428 —1.7

w/o Temp. Loc. 575 3.7 428 —1.7

w/o Fine-grained Vis. 58.1 —3.1 439 —0.6

w/o Global Context 56.6 —4.6 438 —0.7

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

Multi-step Visual Program improves performance
at the expense of a significant increase in output
length and runtime. The base Adaptive Reasoning
achieves a more favorable trade-off by reducing
computational overhead while maintaining high
accuracy. By incorporating the refinement stage,
VideoPro achieves the best performance, reaching
68.8% on VideoMME;/, and 49.7% on LVBench.
These results demonstrate that the self-refinement
mechanism effectively rectifies execution failures
and low-confidence reasoning programs, striking
an optimal balance between reasoning quality and
execution efficiency.

Confidence Threshold We examine the effect
of the confidence threshold 7, which serves as the
decision boundary for our model’s reasoning pro-
cess. As shown in Figure 4, increasing 7 from
0.40 to 0.75 consistently improves performance
across all benchmarks. Specifically, LVBench and
LongVideoBench achieve their peak accuracy of
49.7% and 64.5%, respectively at 7 = 0.75. How-
ever, further raising the threshold to 0.90 leads to a
slight performance degradation on these datasets,
implying that an excessively strict threshold might
filter out valid cues or reasoning paths.

Base Model  Strategy VideoMME, LVBench
Reasoning +Refine Reasoning +Refine
SFT 612 65.0 445 49.1
Qwen3-VL  GETLGRPO 668 68.8 48.1 49.7
SFT 522 58.1 4.1 467
Qwen25-VL gpriGrPO 532 56.7 45.4 472

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

Qwen3-VL-8B

Qwen2.5-VL-7B

I Base
=3 w/ VideoPro

+0.6

Accuracy (%)

Short Medium Long Short

Medium Long

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

Video Modules. Table 3 presents an ablation
study on the Qwen3-VL (SFT) backbone to eval-
uate the contribution of individual components
within our library M. Global Context Summa-
rization is indispensable for long-form reasoning,
as its removal causes the most significant perfor-
mance drop on VideoMME, where the accuracy
decreases from 61.2% to 56.6%. Regarding precise
grounding, omitting either Multimodal Retrieval or
Temporal Localization leads to a marked regression
in LVBench accuracy, dropping to 42.8%. Further-
more, the absence of Fine-grained Visual Extrac-
tion consistently impairs performance across all
benchmarks. Collectively, these results empirically
validate the necessity of our coarse-to-fine design,
as the full pipeline achieves the optimal balance
between efficiency and accuracy.



| Video Query:
| In the video, there are tomatoes and zucchini in the pan.
I A hand is holding a spatula. What is this hand doing?
| (A) Adding sugar to the spatula

I (B) Taking out the tomatoes with the spatula
: (C) Adding salt to the spatula

(D) Stir-frying the zucchini and tomatoes

co and the question, I will use

to solve this task

VideoPro “c0d¢>

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?

B. red long sleeves

C. black long sleeves

VideoPro

D. pink short sleeves

. ” def exceute_command(video, question: @ ‘\
def exceute_command(video, question): \ 1 target phrase = "the old people that can't work anymore”
interval = get_informative_subtitles(..top k=)' | intervals = get_informative_subtitles(.... top_k=3)
start end=interval ‘, : all_frames =[]
frames =[] 11 forintervalin intervals: 2
sublitles =™ : : start, end = interval VideoPro
subtitles = get_subitles_in_range(..) N
# Usc a tighter window (10s) to capture the specific physical reac

frames = trim_around(...)
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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 effectiveness
of our two-stage learning framework by com-
paring models trained with SFT against our full
SFT+GRPO pipeline. As shown in Table 4, while
SFT provides the basic reasoning and tool-use ca-
pabilities, adding GRPO leads to a clear perfor-
mance boost. For example, Qwen3-VL with base
reasoning improves from 61.2% to 66.8% after
GRPO training. This improvement shows that rein-
forcement learning helps the model better handle
complex queries through reward alignment. Fur-
thermore, the Refinement module consistently im-
proves results under both training settings. For
instance, it increases the SFT-only score of Qwen3-
VL from 61.2% to 65.0%. These results prove that
encouraging the model to self-correct its reasoning
paths effectively reduces errors in difficult cases.
Overall, the combination of GRPO training and the
Refinement module achieves the best performance.

Video Durations. We evaluate VideoPro across
three duration groups: Short (< 2 min), Medium
(2-15 min), and Long (> 15 min). As shown in
Figure 5, while performance on Short videos re-
mains comparable to the baselines, VideoPro sig-
nificantly improves accuracy as duration increases.
Specifically, for Qwen3-VL-8B, we observe abso-
lute gains of 5.2% and 5.3% on the Medium and
Long splits, respectively. This trend, where the
performance gap widens with video length, shows
VideoPro’s efficacy in handling long videos.

4.3 Case Study

We present representative cases in Figure 6 to show
the adaptive reasoning and refinement process of

VideoPro. For simple actions, the model utilizes
Native VideoLLM reasoning to directly predict
the action, ensuring efficiency. For complex long-
video queries (middle), the planner invokes Multi-
step visual program reasoning to ground spe-
cific subtitles and locate relevant intervals. To fur-
ther enhance precision, VideoPro performs self-
refinement by employing detect_object and
crop to isolate the target and filter out noise and
retrieve relevant clips using scene-level textual de-
scriptions. Crucially, VideoPro integrates the native
ability to reason over uniformly sampled frames
with the program’s capability to provide localized
visual evidence.

5 Conclusion

We propose VideoPro, a unified and adaptive
reason-refine framework for long-form video un-
derstanding that explicitly balances accuracy and
efficiency. To overcome the rigidity of static in-
ference, VideoPro performs adaptive planning to
select between native mode (direct answering with
the native VideoLLM) and program mode (multi-
step, executable visual programs) based on the
query’s reasoning demands. To improve robustness
on challenging grounding and temporal reasoning,
we introduce a dual-signal self-refinement mecha-
nism that uses execution feedback and confidence-
aware triggers to detect and correct failures. Fi-
nally, we integrate these components into a GRPO-
based training pipeline, enabling VideoPro to
achieve strong empirical performance while pro-
ducing multi-step reasoning steps through exe-
cutable programs.



Limitations

VideoPro works well for long-form video under-
standing but has some limitations: (1) its temporal
grounding depends on a manually curated vision-
module library, reducing zero-shot flexibility and
requiring manual integration or task-specific train-
ing for new categories/domains; (2) it can be over-
confident (e.g., confidence > 0.9 on wrong rea-
soning/answers), so self-refinement may fail when
the VideoLLM is confidently wrong, potentially
misleading users.

Ethics and Potential Risks

Deploying VideoPro raises ethical concerns about
reliability in high-stakes settings: its overconfi-
dence can cause “silent failures” (e.g., forensics
or autonomous monitoring) where wrong outputs
with high certainty bias human decisions. Because
it uses LLMs for program synthesis and summariza-
tion, it is also vulnerable to hallucinations. Finally,
since training data is teacher-synthesized and op-
timized via GRPO, societal or cultural biases in
teacher models may be absorbed and amplified.
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A Appendix

A.1 Vision modules

We implement a general video module library to
facilitate coarse-to-fine video reasoning. This li-
brary streamlines the transition from global context
retrieval to fine-grained visual probing. We sum-
marize the API reference, where each module is
specialized for a distinct sub-task to ensure efficient
and accurate program execution:

* Multimodal Retrieval. Retrieves semanti-
cally relevant clips and transcripts with offline
embeddings efficiently, avoiding exhaustive
frame-by-frame scanning and significantly re-
ducing the search space from the frame level
to the clip level.

Temporal Localization. Taking the identi-
fied temporal intervals as input, the module
retrieves the corresponding video frames and
subtitles. This filtering reduces irrelevant con-
text and focuses the model on query-relevant
visual and textual evidence.

Fine-grained Visual Extraction. Conducts
detailed analysis on selected frames, such as
object detection and optical character recogni-
tion (OCR), to extract fine visual details.
Global Context Summarization. Aggregates
key thematic and narrative information from
the full transcript, providing essential con-
text for queries requiring understanding of the
video’s overall storyline.

Reasoning and Answer Generation. Inte-
grates gathered evidence to generate final an-
swers. VideoPro is prompted to answer the
question with frames by outputting a single
uppercase letter.

A.2 Prompt Details

We prompt GPT-5 with the vision-module speci-
fications (Fig. 7) and few-shot examples (Fig. 8)
to synthesize a multi-step visual program. Concur-
rently, the native VideoLLM processes the query,
yielding a prediction with a confidence score via
query_native; high-confidence outputs serve as
labels for the native reasoning mode. VideoPro
initiates with Adaptive Reasoning (Fig. 9), where
native outputs adhere to the format in Fig. 10 and
multi-step outputs follow Fig. 8. Subsequently,
VideoPro applies a refinement mechanism when
program execution fails or confidence is insuffi-
cient: execution failures trigger prompt_refinel

12

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

A.3 Mode Consistency Reward

We design the mode consistency reward to encour-
age the model to select the native reasoning mode
only when the backbone VideoLLM can solve the
query correctly and confidently without invoking
auxiliary modules. For each training sample, we
first run query_native to obtain a native predic-
tion and its confidence score (Anat, Cnat ), Where
Cnat 18 computed from the output token probabili-

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

{

where y is the ground-truth answer and 7 is a con-
fidence threshold (0.75). Finally, we define

native, if Anat = y and cpap > T,

m* =

program, otherwise,

Tmode = ]I[’I?’L = m*}a

So the model is rewarded for selecting the native
reasoning mode on simple queries and the program
reasoning mode otherwise.

A.4 Execution Mode Analysis

Table 5 summarizes the distribution of execution
modes in VideoPro. The majority of queries across
both benchmarks are processed via multi-step pro-
gram reasoning. This is particularly evident on
LVBench, where 82.3% of tasks utilize the pro-
gram mode. Such results highlight the necessity
of multi-step reasoning for complex long-video
understanding. Additionally, LVBench triggers
the refinement mechanism more frequently than
LongVideoBench, reaching a ratio of 55.5%.



20
21
23
24
25
26
27
28

29

# --- 1. Multimodal Retrieval ---

def get_informative_clips(video_path, query, top_k=3, total_duration=None):
"""Retrieves visual intervals based on semantic text descriptions."""
pass

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

# --- 2. Temporal Localization ---

def trim_around(video_path, timestamp, intervals=30, num_frames=64):
"""Extracts frames centered at a specific timestamp."""
pass

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

nnn

# --- 3. Fine-grained Visual Extraction ---

def detect_object(frame, text, box_threshold=0.5, text_threshold=0.25):
""" ocates specific objects within a frame."""
pass

def run_ocr(frame):
"""Extracts visual text (OCR) from the frame."""

pass

# --- 4. Global Context Summarization ---

def get_subtitle_hints(video_path, question, choices, duration, word_number=300):

nnn

"""Summarizes narrative context from the full transcript.
pass

# --- 5. Reasoning and Answer Generation ---
def query_native(video_path, question, choices):

nnn

Native VideolLLM reasoning.
Returns: (prediction, confidence_score)

nanon

pass

def query_mc(frames, question, choices):

nanon

Multiple-choice QA based on localized frames.
Returns: (prediction, confidence_score)

nnn

pass

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

1. Multimodal Retrieval (Offline semantic search)

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

e get_informative_subtitles(video, query, k=1): Returns intervals based on audio text.
2. Temporal Localization (Context filtering)

e 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.

e 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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