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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 llm 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 mllm process from the 
lens of reinforcement learning (RL)?

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
mllms only attend a limited number of frames when conducting video 
understanding.   

• Limited frame observation leads to
hallucination more easily: Only 
observing several frames causes 
misunderstanding or hallucination more 
easily.  

Part 2: Temporal Hacking Theory  
What is temporal hacking?
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Experimental Perspective

• 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 ScoreΔR

What causes temporal hacking?

How to Mitigate Temporal Hacking?
Two Guided Principles • Principle I : High frame information density. The content of the video text should uniquely correspond to as many frames as possible. 

• Principle II : High inter-frame information dynamics. Descriptions for different frames should be coherent and reflect temporal 
variations and event progression. 

Part 3: Unhackable Temporal Rewarding  

• Spatiotemporal attributes are key to 
representing unique video frame content.

• Bidirectional querying explicitly models 
spatiotemporal dynamics.

Part 4: Video-UTR  
Experiment

Demo case
TPL Analysis Successful case: More important details about movie.

Failure case: Knowledge-oriented video MCQ task (rely 
on better LLM).
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Figure: Attention map visualization illustrates which 
specific frames the model’s output focuses on.   

Figure: Temporal hacking 
illustration.   

Figure: UTR pipeline. UTR uses expert models to extract spatiotemporal attributes and a tracking algorithm to build trajectories based on 
confidence levels. It then queries temporal and spatial attributes bidirectionally to generate dialogue data, learning spatiotemporal dynamics.
    

Table: Scalability ablation study of UTR.   

Table: Performance on MMBench-Video.   
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