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Generated Videos?
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Motivation

 Challenge of AI-Generated Video Evaluation:
 Current studies rely on specialized evaluators for individual aspects (e.g., video-text

alignment, aesthetic quality), which is incomprehensive and hard to scale.

 Opportunity:
 Modern MLLMs exhibit general vision-language understanding ability in open domain

scenarios.

 Key question:
 Can MLLMs be utilized as a unified evaluator for AI-Generated videos?
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Method: Unified Video Evaluation Framework
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Method: Unified Video Evaluation Framework
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Method: Unified Video Evaluation Framework

single video rating

video pair comparison
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UVE-Bench: A benchmark to assess AIGV evaluators

(a): 1,230 videos generated by 8 SOTA T2V models and real-world videos from ShutterStock
(b): 15 fine-grained AIGV evaluation aspects
(c): Human pairwise preference annotation as ground-truth
(d): Support of both single video rating and video pair comparison



 Unified evaluators outperforms specialized evaluators

 Good Aspects: Dynamic Degree, Technical/Aesthetic Quality, Appearance Alignment

 Bad Aspects: Structural Correctness, Temporal Quality, Motion Alignment
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Performance of MLLMs as Unified Video Evaluator

Single Video 
Rating
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Performance of MLLMs as Unified Video Evaluator

Video Pair Comparison

 Good Aspects: Dynamic Degree, Technical/Aesthetic Quality, Appearance Alignment

 Bad Aspects: Structural Correctness, Temporal Quality, Motion Alignment

 There is still a notable gap between MLLM evaluators and humans



 Aspect-specific prompting is essential

 Removing video order index does not significantly impact performance.
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Key Design Choices: Prompting Strategy

Single Video Rating Video Pair Comparison



 Single Video Rating

 Probability-based scoring outperforms directly generating discrete rating score (0-100)

 Yes/no and good/bad excel at different aspects, adaptive strategy is more effective

 Video Pair Comparison

 Adapting from single video rating outperforms direct video pair comparison for 7B-scale models
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Key Design Choices: Scoring Strategy

Single Video Rating Video Pair Comparison
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Summary of Contributions

 UVE Framework
 We introduce a unified approach to evaluate any aspect of AIGV using pre-trained 

MLLMs.

 UVE-Bench
 We propose UVE-Bench, a comprehensive benchmark to assess the capability of 

unified AIGV evaluation.

 Experiments and Analysis

 We demonstrate that unified MLLM evaluators substantially outperforms existing 
specialized evaluators.

 We conduct in-depth analysis on the pros and cons of MLLMs in unified AIGV 
evaluation and the key design choices that impact their performance.



Thank you!

Code: https://github.com/bytedance/UVE
Data: https://huggingface.co/datasets/lyx97/UVE-Bench

https://github.com/bytedance/UVE
https://huggingface.co/datasets/lyx97/UVE-Bench
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