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Part 1: Rethink Video MLLM
Key Questions

» Anti-scaling Law in Video MLLMs: Why more video-text data and larger
video lIm size lead to worse video understanding?

» Potential Risks of existing Video-Language Modeling: Will current video-
language modeling paradigm, which primarily utilizes video-text pairs,
potentially introduce risks to model optimization, such as shortcut learning?

* RL perspective: Is it possible to describe the video mlim process from the
lens of reinforcement learning (RL)?

Part 2: Temporal Hacking Theory
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Theoretical Perspective
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How to Mitigate Temporal Hacking?
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Figure: Attention map visualization illustrates which
specific frames the model’s output focuses on.

Key Findings

« Misalignment between video frames and text description: At current
stage of video-text pair data, textual descriptions struggle to cover
each individual frame.

- Frame activation number is limited: We observe that existing video
mlims only attend a limited number of frames when conducting video

understanding.
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What causes temporal hacking? .} .~

Experimental Perspective L T R

+ We introduce Temporal Perplexity (TPL) Score to quantify the severity of
temporal assignment. And we discover the relationship between TPL and
true performance. Larger TPL indicates a reduced likelihood of reward
hacking, thereby leading to superior video comprehension.

TPL Score Tipt = — (Rppt (Vi 27) — Rppt (Vi 7))

Two Guided Principles . principle |- High frame information density. The content of the video text should uniquely correspond to as many frames as possible.
* Principle Il : High inter-frame information dynamics. Descriptions for different frames should be coherent and reflect temporal

variations and event progression.

Part 3: Unhackable Temporal Rewarding
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Part 4: Video-UTR
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Figure: UTR pipeline. UTR uses expert models to extract spatiotemporal attributes and a tracking algorithm to build trajectories based on

Expen ment confidence levels. It then queries temporal and spatial attributes bidirectionally to generate dialogue data, learning spatiotemporal dynamics.
Methods LIM Data MVBench TempC VideoMME MSVD-QA MSRVVT-QA TGIF-QA  ANet-QA Methods Overall T Perception T Reasoning!  UTR-DataSize | MVBench TempCompass VideoMME Frame Length | MVBench TempCompass VideoMME
Scale Acc Score Acc Score Acc Score Acc Score Claude-3.5-Sonnet (2024) 1.35 1.4 1.04 OK 54.63 58.88 53.37 8 20-93 gg-zs Sgg g
: D ( . 180K 58.45 58.47 52.30 24 0.08 14 52.
VideoChat (2023a) Vicuna-7B 765K | 355 - - 563 28 450 25 344 23 - 22 VideoChat2-HD (2024c) 123 0.44 1.23 305K 5878 50.67 50 63 B 51.40 56.11 52 07
. . PLLaVA-34B (2024) 1.16 1 1.1 : : - : : :
VideoChat2 (2024c) Vicuna-7B 1.9M | 51.1 38.5 - 700 39 541 33 -  — 491 33 ; .
, , LLaVA-NeXT-Video-34B-HF (2024c) 1.13 0.58 1.03
Video-ChatGPT (2023) Vicuna-7B 765K | 32.7 31.8 - 516 25 296 18 — — 124 11 _ . . .
Video-LLaVA (2023) Vicuna-7B 765K | 34.1 34.8 309 649 33 493 28 514 30 352 27 Video-UTR-7B (Ours) 1.35 1.38 1.24 Table: Scalability ablation study of UTR.
VideoLLaMA2 (2024) LLaMA2-7B 13.4M | 54.6 - 466 709 38 — - — - 502 33 _
PLLaVA (2024) LLaMA2-7B 1M | 466 - - 766 41 620 35 715 41 563 3.5 Table: Performance on MMBench-Video. Demo case
LLaVA-NeXT-Video (2024c) Qwen2-7B 860K | 54.6 - 337 678 35 — - - — 535 32 . . .
LLaVA-OneVision(20242)  Qwen2-7B  1.6M | 567  59.0* 582  65.3* 3.8 43.3* 3.0* 52.8° 3.4* 56.6* 3.3° TPL Aﬂ(]lYSIS Successful case: More Important details about movie.
Video-UTR (Ours) Qwen2-7B  1.1M 58.8 59.7 52.6 735 41 583 36 564 36 550 32 . _ : . , >
Methods LLM |MM-Vet MMBench MMMU MME LLaVAY POPE SEED AI2D RealWorldQA .

Image-level MLLM

InstructBLIP (2024) Vicuna-7B 33.1 36.0 30.6 1137.1 59.8 86.1 534 40.6 36.9

Qwen-VL-Chat (2023b) Qwen-7B 47.3 60.6 37.0 1467.8 67.7 749 382 630 49.3 LLaVA-NeXT-Video: The man and woman are standing in a hallway, and the man is holding a white bag. They seem
LLaVA-v1.5-7B (2024a) Vicuna-7B 30.5 64.3 35.7 1510.7 61.8 86.1 58.6 555 54.8 "ea to be having a conversation, but it’s unclear what they’re saying. The woman is wearing a blue shirt, and the man is
LLaVA-v1.5-13B Vicuna-13B 35.4 67.7 37.0 1531.3 66.1 884 616 61.1 55.3 wearing a black shirt. There is a green door behind them, and a window on the wall. The man appears to be looking at
ShareGPT4V (2023a) Vicuna-7B | 37.6 68.8 372 15674 726 866 69.7 580 54.9 - X ’ Fometiipofl-camcre.Sulilctie Maaniook s IELE gt e Catlae

LLaVA-NeXT-Img (2024c) LLaMA3-8B 44.4 721 41.7 1551.5 63.1 ]7.1 — 71.6 60.0 Capﬂon Agapam‘h us ﬂower S a T lle De Br ehaT Br eTagne Fr ance Ours: In the video, a man is seen in a hallway and entering a room. He then proceeds to walk towards the woman who

Video-level MLILM

TPL Score: 0.0018575

Human: Please describe the video in detail.

is getting out of the room. The man appears to be in a playful mood as he starts making funny faces at the woman,
seemingly trying to entertain her. Overall, the video depicts a light-hearted moment between two individuals who seem

LLaMA-VID (2023b) Vicuna-7B — 66.6 — 15214 - 860 599 — — y to be having a good time together. )
Video-LLaVA (2023) Vicuna-7B 32.0 60.9 — — 73.1 84.4 — — — . . . ]
LLaVA-NeXT-Video (2024c) QWen2-7B | 42.9 74.5 426 1580.1 759 887 746 719 60.1 .- Fallure case: kn owledge-oriented video MCQ task (rely
Video-UTR (Ours) Qwen2-7B | 39.6 76.6 434 15836 694 889 747 721 63.7 on better LLM).

Ablation Setting Data Scale | MVBench TGIF-QA ANet-QA | MMVet MMBench POPE

Video-UTR 1.1M 58.78 56.44 55.00 39.59 76.63 88.86

- Task Modeling 1.oM 58.45 56.11 54.21 37.33 76.37 89.29 Question: What is the shape of the paper shown in the video?

- Data Modeling 780K 54.63 54.74 54.15 42.20 75.77 89.13 ggg;‘g;”on’jggfgpff(ggﬁ gfd mO”’e’ shopping online, watch ng Options: A.Circle B.Rectangle C.Square D. Triangle
+ M()I‘e VidGOChatz 1.1M 57.65 53.39 53.65 36.56 75.95 88.76 TPL Score; 0‘5056167 ] Model output: D |
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