EZE

Tsinghua University

ICLR

International Conference On
Learning Representations

CUHK

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.
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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.
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S e Videozoomer Appros

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.
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The “Pac-Man” clip perfectly matches the query.
It shows a character eating a power pellet,
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The model supports direct, step-by-step, and self-corrective reasoning by dynamically
retrieving and refining video evidence.
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VideoZoomer: Reinforcement-Learned Temporal Focusing for Long Video Reasoning
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Experiments & Result

Long Video Understanding Long Video Reasoning

Model SiZ  MLVU  LongVideoBench VideoMME LVBench VideoMMLU VideoMMMU LongVideoReason
dev  test val overall long quiz eval

Proprietary Models

GPT-40 - 646 549 667 719 653 489 449 612 607

Gemini-1.5-Pro - 64.0 750 674 331 - 539 673

Open-Source VLMs

Video-LLaVA B 362 307 376 99 - - -

LLaVA-OneVision 7B 647 472 564 583 467 - 334 339

LLaVA-NeXT-Video 7B - - 49.1 - - 276

Video-XL TB 649 455 507 555 - - - - -

VILA-LS B 67 - - - - 205 209

Kangaroo 8B 610 - 548 560 394 -

LongVU B 654 - - 606 - -

LongVA 7B 563 411 - 526 - - - 240

LongVILA B 7.1 601 - -

LongVILA-RL m - - 516 624 533 - - - 679

VideoR1! TB 650 492 520 6L1 514 387 613 98 28

Qwen2.5-VL! 7B 583 455 510 635 539 369 61.0 48.1 708

VideoZoomer! 7B 688 558 517 652 558 415 619 522 803

A over base model +105 +103 +6.7 +17 419 +46 +69 4.1 495

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.
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VideaZoomer 688 558 517 652 S8 ais &9 522 503

WoRL 564 456 20 s w2 260 65 66 3

Wo R 615 522 s62 @s 25 a6 66 8 9

wio coldstrt 57,0 428 s 55 466 385 &9 a6 506

L wordection 670 532 s18 7 474 a9 01 22 751




