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Why Expert-Level Tasks?
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⊹ From a Artificial General Intelligence (AGI) perspective



⊹ Unlocking Real-World Utility

Why Expert-Level Tasks?
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Key Benchmarks
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• General: MMMU, MMMU-Pro, Video-MMMU

• Math: Mathvista, MathVerse, MATH-V

• Science / STEM: ScienceQA, OlympiadBench

• Medical: GMAI-MMBench, MedXpertQA



Massive Multi-discipline Multimodal Understanding and Reasoning
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MMMU

● 11.5K college-level problems across six broad 
disciplines and 30 college subjects

● 30 heterogeneous image types

● Interleaved text and (multiple) images

● Expert-level perception and reasoning rooted 
in deep subject knowledge

(Breadth) (Depth)

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Sampled MMMU examples from each discipline
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Discipline
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Subfield

Image Type

Difficulty

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Data Curation Pipeline 
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Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Statistics of MMMU 
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Question Difficulty

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Tracking the development of multimodal models
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Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Massive Multi-discipline Multimodal Understanding and Reasoning
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MMMU 

Scaling improves LLMs’ knowledge and reasoning

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


One Observation: some questions can be answered by 
text-only LLMs without images as input 
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MMMU 

Yue, X. et al., MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

https://arxiv.org/abs/2311.16502.pdf


Text Models’ Performance
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MMMU-Pro: A More Robust Version of MMMU 
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Yue, X. et al., Mmmu-pro: A more robust multi-discipline multimodal understanding benchmark. ACL 2025



Questions are Embedded in Screenshots and Photos 
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The vision-input setting challenges AI to truly “see” and “read” simultaneously, testing a fundamental 

human cognitive skill of seamlessly integrating visual and textual information.

Yue, X. et al., Mmmu-pro: A more robust multi-discipline multimodal understanding benchmark. ACL 2025



Overall Results 
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Yue, X. et al., Mmmu-pro: A more robust multi-discipline multimodal understanding benchmark. ACL 2025



Does OCR Help in Vision Input Setting? 
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Does OCR Help in Vision Input Setting? 
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Does OCR Help in Vision Input Setting? 
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Yue, X. et al., Mmmu-pro: A more robust multi-discipline multimodal understanding benchmark. ACL 2025



Impact of CoT Prompting on MMMU-Pro
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Yue, X. et al., Mmmu-pro: A more robust multi-discipline multimodal understanding benchmark. ACL 2025



MMMU / MMMU-Pro Leaderboard



Video-MMMU

Hu, K. et al., Video-MMMU: Evaluating Knowledge Acquisition from Multi-Discipline Professional Videos. arXiv 2025



Video-MMMU
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Video-MMMU

Hu, K. et al., Video-MMMU: Evaluating Knowledge Acquisition from Multi-Discipline Professional Videos. arXiv 2025



Mathematical Reasoning of Foundation Models in Visual Contexts
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MathVista

Lu, P. et al., Mathvista: Evaluating mathematical reasoning of foundation models in visual contexts. ICLR 2024



MathVista

Lu, P. et al., Mathvista: Evaluating mathematical reasoning of foundation models in visual contexts. ICLR 2024



MathVista Leaderboard

Lu, P. et al., Mathvista: Evaluating mathematical reasoning of foundation models in visual contexts. ICLR 2024



MathVerse

Zhang, R. et al., Mathverse: Does your multi-modal llm truly see the diagrams in visual math problems? ECCV 2024



MATH-Vision (MATH-V)

Wang, K. et al., Measuring multimodal mathematical reasoning with math-vision dataset. NeurIPS 2024



MATH-Vision Leaderboard

https://mathllm.github.io/mathvision/#leaderboard

Wang, K. et al., Measuring multimodal mathematical reasoning with math-vision dataset. NeurIPS 2024

https://mathllm.github.io/mathvision/#leaderboard


ScienceQA

Lu, Pan, et al. "Learn to explain: Multimodal reasoning via thought chains for science question answering." NeurIPS 2022
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ScienceQA

Lu, Pan, et al. "Learn to explain: Multimodal reasoning via thought chains for science question answering." NeurIPS 2022



OlympiadBench

He, Chaoqun, et al. OlympiadBench: A Challenging Benchmark for Promoting AGI with Olympiad-Level Bilingual Multimodal Scientific Problems. ACL 2024.



OlympiadBench

He, Chaoqun, et al. OlympiadBench: A Challenging Benchmark for Promoting AGI with Olympiad-Level Bilingual Multimodal Scientific Problems. ACL 2024.



GMAI-MMBench

Ye, Jin, et al. Gmai-mmbench: A comprehensive multimodal evaluation benchmark towards general medical ai. NeurIPS 2024



GMAI-MMBench

Ye, Jin, et al. Gmai-mmbench: A comprehensive multimodal evaluation benchmark towards general medical ai. NeurIPS 2024



MedXpertQA

Zuo, Yuxin, et al. "MedXpertQA: Benchmarking Expert-Level Medical Reasoning and Understanding." arXiv preprint arXiv:2501.18362 (2025).



MedXpertQA

Zuo, Yuxin, et al. "MedXpertQA: Benchmarking Expert-Level Medical Reasoning and Understanding." arXiv preprint arXiv:2501.18362 (2025).



Other specialized medical tasks

Liu, Ruoqi, et al. Teach Multimodal LLMs to 

Comprehend Electrocardiographic Images. arXiv 2024

Lau, Jason J., et al. A dataset of clinically 

generated visual questions and answers about 

radiology images. Scientific data 2018

Sun, Yuxuan, et al. Pathmmu: A massive multimodal 

expert-level benchmark for understanding and 

reasoning in pathology. ECCV, 2024.
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Discussions and 
Future Directions



Performance on Expert-level Tasks
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What’s next?

All existing benchmarks, even expert-level tasks, 
are either saturated or approaching saturation



What’s next?

All existing benchmarks, even expert-level tasks, 
are either saturated or approaching saturation

- Challenging 
- Real-world 
- Dynamic



More Challenging Benchmark

Humanity’s Last Exam (HLE)



More Challenging Benchmark



Gaps between exam questions and real expert working scenarios

Exam Style Questions Real Expert Workflows



More Realistic Tasks

Xu, Frank F., et al. Theagentcompany: benchmarking llm agents on consequential real world tasks. arXiv 2024

The Agent Company



Performance on The Agent Company

Xu, Frank F., et al. Theagentcompany: benchmarking llm agents on consequential real world tasks. arXiv 2024

The most competitive agent can complete 30% of tasks autonomously



SWE-bench Multimodal

Yang, John, et al. "SWE-bench Multimodal: Do AI Systems Generalize to Visual Software Domains?." ICLR 2025

Evaluate systems on their ability to fix bugs in visual, user-facing JavaScript software



SWE-bench Multimodal Leaderboard



More Dynamic Evaluations

Increasing concerns on overfitting and 
contamination issues of benchmarks

Can we construct dynamic evaluations?



LiveCodeBench

Jain, Naman, et al. "LiveCodeBench: Holistic and Contamination Free Evaluation of Large Language Models for Code." ICLR 2025



MixEval / MixEval-X

Ni, Jinjie, et al. "MixEval: Deriving Wisdom of the Crowd from LLM Benchmark Mixtures." NeurIPS 2024

Ni, Jinjie, et al. "MixEval-X: Any-to-Any Evaluations from Real-World Data Mixtures." ICLR 2025

Benchmark 1

Benchmark 2

Benchmark 3

Benchmark 4

Benchmark 5

…

Sampling



Conclusion

• Expert-level evaluations are essential for assessing AI 
capabilities in real-world applications.

• Current benchmarks provide valuable insights into AI 
performance across various expert domains.

• Future evaluations should aim to be: More challenging, 
realistic, and dynamic.



Thanks!
Any questions?
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