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Multimodal Large Language Models (MLLMs) struggle with long video 
understanding due to limited context, which prevents processing all 
frames. Existing methods rely on static frame selection, which can miss 
key moments and cannot be corrected during reasoning. As a result, 
video understanding is treated as a one-time observation problem rather 
than an active evidence-gathering process.

Motivaion

Data Construction Pipeline
We build training data by collecting multi-step reasoning trajectories 
for long video understanding. Starting from coarse video observations, 
we generate step-by-step interactions that include when and where to 
zoom for more detailed evidence. These trajectories are then refined with 
reflection and correction signals to improve decision quality. The final 
dataset contains agent-like reasoning processes, which are used for 
supervised fine-tuning and further optimization with reinforcement 
learning.

VideoZoomer Approach Experiments & Result
We propose an agentic framework that allows MLLMs to dynamically focus on important 
video segments during reasoning. The model first processes a coarse, low-frame-rate overview 
of the video, then iteratively selects key moments to retrieve higher-frame-rate clips through a 
temporal zoom mechanism, progressively gathering more detailed evidence. This interaction 
forms a multi-step reasoning process of “observe → zoom → refine.” The model is trained with 
a two-stage strategy (SFT + RL): supervised fine-tuning on curated reasoning trajectories to 
learn the basic behavior, followed by reinforcement learning to optimize when and where to 
zoom.

The model supports direct, step-by-step, and self-corrective reasoning by dynamically 
retrieving and refining video evidence.

Benchmarks:Evaluate on multiple long video understanding and reasoning benchmarks (e.g., 
LVBench and others), covering diverse and complex tasks.
Performance:Our 7B model achieves strong accuracy across all benchmarks, consistently 
outperforming existing open-source models and remaining competitive with proprietary systems.
Efficiency:Achieves better performance under reduced frame budgets, showing improved 
efficiency compared to static frame sampling methods.
Ablation Study:Both temporal zooming and RL contribute significantly to performance gains.


