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Motivation

O Challenge of Al-Generated Video Evaluation:

o Current studies rely on specialized evaluators for individual aspects (e.g., video-text
alignment, aesthetic quality), which is incomprehensive and hard to scale.

O Opportunity:

o Modern MLLMs exhibit general vision-language understanding ability in open domain
scenarios.

O Key question:

o Can MLLMs be utilized as a unified evaluator for Al-Generated videos?

<2>



Method: Unified Video Evaluation Framework
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Method: Unified Video Evaluation Framework
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Unified Evaluator

Single Video Rating

<video>

Watch the above frames of an Al-generated video
and evaluate <aspect-specific description>

Complete your evaluation by answering this
question:

< aspect-specific question>?

<answer prompt>

Video Pair Comparison

The first video: <video>

The second video: <video>>

Watch the above two Al-generated videos and
evaluate <aspect-specific description>

Complete your evaluation by answering this
question:
Which video is <aspect-specific question>>?

You should make your judgment based on the fol-
lowing rules:

<instructions on how to make the choice>

Now give your judgment:
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Method: Unified Video Evaluation Framework
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Complete your evaluation by answering this
question:

< aspect-specific question>?

<answer prompt>

Video Pair Comparison

The first video: <video>

The second video: <video>

Watch the above two Al-generated videos and
evaluate <aspect-specific description>

Complete your evaluation by answering this
question:
Which video is < aspect-specific question>?

You should make your judgment based on the fol-
lowing rules:

<instructions on how to make the choice>

Now give your judgment:

video pair comparison
C=Jfo(V1,V2,1,72,Ga) € O

{ “Vibetter”, “Wsbetter”, “same good”, “same bad” },
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UVE-Bench: A benchmark to assess AIGV evaluators

(a

(c):
(d):

Human pairwise preference annotation as ground-truth
Support of both single video rating and video pair comparison

): 1,230 videos generated by 8 SOTA T2V models and real-world videos from ShutterStock
(b): 15 fine-grained AIGV evaluation aspects
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Performance of MLLMs as Unified Video Evaluator

O Unified evaluators outperforms specialized evaluators

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

Single Video
Rating

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

Method “;‘;f:l ];;:l‘;"::i'c SM CM LC Og‘:l{:';l TQ SC AQ T?;;E‘r':ﬂ AC MN TF Aﬂ;r‘:;‘;’:]t MA AA | AVG
Random | 488 495 489 498 | 492 476 490 481 | 490 486 482 462 | 484 486 483 | 486
Specialized Evaluators
VideoScore-v1.1 8B 57.4 . 40.1 304 477 419 431 361 - 389 . N
VBench ; 87.8 . ; 625 - 7. 540 502 - 54.4 . -
[ITMTScore - - - - - - - 6h.d - -
VIDEOCON-PHYSICS 7B . - - 534 - 68.7 . -
DOVER 58M . 69.2 80.3 ; - - . -
Unified Evaluators
Video-LLaVA 7B 524 748 634 476 | 478 661 445 634 | 441 513 555 486 59.4 549 668 | 54.5
LongVA-DPO 7B 508 762 699 575 | 624 749 562 720 | 560 473 407 543 68.7 63.9 716 | 61.6
ShareGPT4Video B 775 810 771 85| 594 687 S41 694 | 544 481 426 609 62.7 543 703 | 63.9
VideoLLaMA2.1 7B 721 805 671 712 | 614 787 475 726 | 461 509 502 618 72.6 65.7 717 | 64.4
mPLUG-Owl3 7B 786 848 77.8 799 | 760 831 556 800 | 59.8 505 420 720 80.4 752 876 | 72.6
VideoChat2-Mistral 7B 8.1 922 896 749 | 681 762 538 741 58.7 583 528 856 75.6 78.0 809 | 72.6
MiniCPM-V-2.6 8B 814 863 803 888 | 709 750 529 806 | 6Ll 594 517 709 82.1 743 908 | 73.4
LLaVA-OneVision 7B 810 876 832 849 | 707 782 506 83.1 629 604 415 859 793 66.9 86.7 | 73.0
LLaVA-OneVision 72B 83 878 784 882 | 713 776 602 815 646 619 399 868 84.4 717 935 | 75.0
LLaVA-Video 7B 80.4 855 809 815| 662 742 495 757 | 583 582 393 823 80.5 69.9 900 | 71.0
LLaVA-Video 72B 8.8 861 89 89| 702 800 554 77.7| 60.1 502 404 835 84.8 737 946 | 74.0
Qwen2-VL 7B 846 897 942 797 | 646 673 507 706 | SL1 513 480 627 85.4 787 922 | 709
Qwen2-VL 728 86.5 926 927 860 | 706 769 602 834 | 525 580 489 710 89.0 81.8 950 | 75.4
InternVL-2.5-MPO 8B 813 861 804 880 | 681 779 536 775 609 549 509 725 80.6 732 905 | 72.6
InternVL-2.5-MPO 78B 843 866 824 916 | 728 840 672 823 | 615 652 618 884 87.4 793 955 | 782
GPT-40 - 790 843 749 818 | 740 816 652 842 700 798 540 58.6 80.8 772 89.6 | 75.7
Seedl.5-VL 20BAct. | 832 912 837 895| 84 829 668 888 705 786 595 70.1 84.2 790 942 | 80.0
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Performance of MLLMs as Unified Video Evaluator

O Good Aspects: Dynamic Degree, Technical/Aesthetic Quality, Appearance Alignment
O Bad Aspects: Structural Correctness, Temporal Quality, Motion Alignment

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

Video Pair Comparison

Model Overall Overall Overall Overall

Method ‘ Size Dynamic SM CM LC Static T™Q SC AQ Temporal AC MN TF Alignment MA AA | AVG

Random | - | 25.0 25.0 250 25.0 | 25.0 250 250 250 | 25.0 250 250 25.0 | 25.0 25.0 25.0 | 25.0
Unified Evaluators

LLaVA-OneVision 7B 44.2 52.6 400 38.5 35.8 352 257 510 37.4 239 291 520 43.1 39.7 434 | 38.6
LLaVA-OneVision 2B 36.5 55.1 40.0 538 37.0 514 222 541 256 433 345 457 63.0 589 697 | 443
LLaVA-Video 7B 37.0 526 375 449 44 .4 438 389 622 33.7 289 31.1 575 43.1 39.7 469 | 41.1
LLaVA-Video 2B 42.5 577 325 564 41.6 552 312 602 32.6 41.1 27.7 559 60.3 53.0 662 | 46.1
Qwen2-VL 7B 46.4 56.4 438 39.7 42 8 38.1 208 541 208 244 207 425 549 503 579 | 41.1
Qwen2-VL 2B 514 66.7 71.2 538 47.7 629 194 o602 41.0 400 318 402 69.7 629 78.6 | 51.6
InternVL-2.5-MPO 2B 42.5 51.3 338 436 38.3 314 403 551 35.1 322 27.0 449 53.5 503 538 | 41.8
InternVL-2.5-MPO T8B 43.1 577 41.2 61.5 54.7 629 271 714 452 47.8 338 T09 67.7 556 76.6 | 53.7
GPT-4o - 42.0 48.7 388 59.0 53.5 543 41.0 714 449 389 31.8 3598 58.9 57.0 614 | 50.2
Seed1.5-VL 20B Act. 52.5 564 475 61.5 51.0 524 444 622 48.6 36.7 358 654 56.9 536 614 | 51.6
Gemini2.5-Flash - 558 603 450 59.0 55.6 505 431 643 50.8 41.7 385 60.6 65.0 62.3 66.2 | 54.6
Human | - | 87.3 85.3 873 853 | 90.0 920 880 0913 | 88.0 90.0 787 92.0 | 88.0 4.7 92.0 | 88.0
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Key Design Choices: Prompting Strategy

O Aspect-specific prompting is essential

O Removing video order index does not significantly impact performance.

Single Video Rating

Dynamic Degree

Video Pair Comparison
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Key Design Choices: Scoring Strategy

O Single Video Rating

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

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

O Video Pair Comparison

o Adapting from single video rating outperforms direct video pair comparison for 7B-scale models

Single Video Rating Video Pair Comparison
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Summary of Contributions

O UVE Framework

o We introduce a unified approach to evaluate any aspect of AIGV using pre-trained
MLLMs.

O UVE-Bench

o We propose UVE-Bench, a comprehensive benchmark to assess the capability of
unified AIGV evaluation.

O Experiments and Analysis

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

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