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Paired Video Generation with Contextual and Format Matching Experimental Results
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v SFT with CoT data enables the MLLM to better understand and reason,
surpassing baseline MLLM performance.
v'GRPO fine-tuning further improves accuracy beyond standard GRPO results.

* Construct 140k videos in contextual pairs:
- Real (InternVid, ActivityNet) & Fake (HunyuanVideo-I12V, CogVideoX-5B)

* Standardize video format: 49 frames, 8 FPS, 720p, and YUV420p.

. . . . Qualitative Results
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1. SFT Cold Start: learn chain of thought (CoT) reasoning.
2. RL Fine-tuning
- DPO (Direct Preference Optimization), GRPO (Group Relative Policy Optimization)

Let me think about this. When evaluating whether this video is real or AI-generated, I'll consider
the factors of motion consistency, lighting consistency, texture artifacts, and physics
violations.

1. Motion Consistency: The astronaut riding the horse appears to be in motion, but the movement
looks somewhat unnatural . The horse's legs and the astronaut's body seem to move in a way that
doesn't quite align with real-life physics. The motion looks slightly jerky and inconsistent, which
1s a common sign of AIl-generated content.

v GRPO-TA (Temporal Artifacts)
»Step 1: Randomly select a video segment using Gaussian distribution.
»Step 2: Apply temporal edits: reverse, repeat, or drop segments.

2. Lighting Consistency: The lighting in the video seems to be consistent with what one might expect
1n a real outdoor setting. However, the lighting on the astronaut and the horse is somewhat flat and
lacks the depth and variation that would be present in a real scene.

3. Texture Artifacts: The textures of the astronaut's suit and the horse's coat appear somewhat
artificial . There are no visible details that would suggest a real-life material.

v' GRPO-Q (Quality)
» Adjust diffusion steps to control generated video quality during diffusion.
- Use generated intermediate videos for scoring as reward function in GRPO.

4. Physics Violations: The most striking aspect is the physics violation. An astronaut in a
spacesuit would not be able to ride a horse in a real-world scenario.

Answer: Generated!
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