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Starting observation: Model release 
announcements are often just lists of benchmark 
results. Example:

https://www.anthropic.com/claude-fable-and-mythos-5-1

https://www.anthropic.com/claude-fable-and-mythos-5-1




Source: https://fortune.com/2026/09/04/openai-quietly-boosts-some-of-astras-evaluation-metrics-amid-rare-delay-in-publication-of-the-modeblog-post-announcement/





Goal: Create a resource to monitor how AI model 
builders advertise their models through 
benchmarks to study what these models are 
optimized for.

This can form a basis for better understanding 
the implications of using those models to do 
various types of work



Our project

Analyzed 231 benchmarks mentioned by 11 prominent model 
builders across 139 model release announcements 
throughout 2025

Selected model builders:

Google, OpenAI, Anthropic, Meta, xAI, Alibaba, Baidu, 
DeepSeek, Mistral, Allen Institute for AI, and Z.ai





Our project

● Collected benchmark author affiliations using arXiv.org 
papers

● Developed own benchmark taxonomy based on what 
benchmark authors claim to evaluate for better 
cross-company analysis

● In-depth analysis of some of the most popular 
benchmarks among AI model builders



The paper

https://arxiv.org/abs/2605.14164



https://huggingface.co/datasets/matybohacek/benchmarking-cultures-25

The data



bench-cultures.net

The tool



Some findings from our 
analysis



Findings: Fragmentation

The way benchmarks are highlighted in model 
release announcements provides next to no 
cross-model comparability

63%
of benchmarks

39%
of benchmarks

used only by a single 
model builder

used only by a single 
model release



Findings: Inconsistent framing of what benchmarks evaluate

Source: https://blog.google/products-and-platforms/products/gemini/gemini-3/#gemini-3



One of the most popular coding 
benchmarks has been labelled 
by AI model builders as:

- Reasoning benchmark (7)
- Agentic benchmark (3)
- “Cost-efficient intelligence” or 

other labels (3)
- General (1)
- Uncategorized (5)



Findings: Industry dominance
Benchmark author 
affiliation type

Overall % 2025 only %

Industry 43.9 49.3

Academia 39.0 33.0

Non-profit 10.1 6.8

Other/Unspec. 5.7 9.6

Independent 0.7 1.3

Government 0.4 0.1



Rank Benchmark
1 AIME 2025
2 GPQA Diamond
3 LiveCodeBench
4 MMLU-Pro
5 AIME 2024
6 MMMU
7 SWE-bench Verified
8 SimpleQA
9 Humanity’s Last Exam

10 MMLU
11 MATH
12 MMMLU
13 Aider Polyglot
14 IF-Eval
15 HMMT 2025

Top 15 most popular 
benchmarks



Findings: General knowledge application benchmarks

General knowledge application benchmarks seek 
to measure knowledge or reasoning capabilities 
in general, across a broad spectrum of subjects



https://agi.safe.ai/



Goal: Measuring performance “at the 
frontier of human knowledge” with “broad 
subject coverage” (Phan et al. 2025).



In practice, this means: Attracting experts (professors, 
researchers, graduate degree holders) to contribute 
and review questions included in the benchmark.

Example: Humanity’s Last Exam

- $5000 USD for each of the top 50 questions, $500 
USD for each of the next 500 questions

- Co-authorship on the final paper for all



- Questions that could be answered correctly by 
current “state-of-the-art” models were rejected 
outright

- After passing this test, questions were reviewed 
by “multiple graduate-level reviewers” (Phan et al. 
2025)

Example: Humanity’s Last Exam



Example question:

“Suppose two people played a game of chess with the aim 
of placing as many bishops on the edge squares of the 
board as possible. If they succeeded in doing so, how 

many edge squares would lack bishops?”
Source: https://huggingface.co/datasets/cais/hle

Example: Humanity’s Last Exam



Example: Humanity’s Last Exam

Measuring the “frontier of human knowledge”?

Measuring how well future models can answer 
questions from subject-matter experts that current 
models can’t answer correctly.



Findings: General knowledge application benchmarks

GPQA Diamond Graduate-Level Google-Proof Q&A

MMMU Massive Multi-discipline Multimodal Understanding 
and Reasoning

MMLU-Pro Massive Multitask Language Understanding Pro

MMLU Massive Multitask Language Understanding

Humanity’s Last Exam –

Top 5 General knowledge application benchmarks:



Findings: General knowledge application benchmarks

None of the benchmarks clearly define 
“knowledge” or “reasoning”

Implicitly, knowledge is what’s in the training 
data or “searchable,” reasoning refers to 
logical inference and tasks with 
“non-searchable” solutions



Findings: General knowledge application benchmarks
Field Share (%) Share (N)

Science 30.4 12,850

Humanities & Social Sciences 18.8 7,920

Business 12.1 5,095

Tech & Engineering 11.6 4,877

Health & Medicine 11.5 4,872

Law 7.3 3,078

Other/Unspecified 5.2 2,187

Art & Design 3.1 1,329



Findings: General knowledge application benchmarks

MMMU (Yue et al. 2023) and MMLU-Pro (Wang et al. 2024) 
directly cite AGI literature to define what they’re evaluating: 
The paper “Levels of AGI for Operationalizing Progress on 
the Path to AGI” by Morris et al. 2024.



Source: Morris et al. 2024

Findings: General knowledge application benchmarks

Level 0: No AI

Level 1: Emerging “equal to or somewhat better than an 
unskilled human”

Level 2: Competent “at least 50th percentile of skilled adults”

Level 3: Expert “at least 90th percentile of skilled adults”

Level 4: Exceptional “at least 99th percentile of skilled adults”

Level 5: Superhuman “outperforms 100% of humans”



Level 0: No AI

Level 1: Emerging “equal to or somewhat better than an 
unskilled human”

Level 2: Competent “at least 50th percentile of skilled adults”

Level 3: Expert “at least 90th percentile of skilled adults”

Level 4: Exceptional “at least 99th percentile of skilled adults”

Level 5: Superhuman “outperforms 100% of humans”

Source: Morris et al. 2024

Findings: General knowledge application benchmarks



GPQA Diamond and Humanity’s Last Exam don’t cite 
AGI literature but are clearly informed by AGI 
discourses

Findings: General knowledge application benchmarks

"narrowly superhuman AI systems…to advance the 
frontier of human knowledge" (Rein et al. 2023)

"the final closed-ended academic benchmark of its 
kind” (Phan et al. 2025)



Findings: General knowledge application benchmarks

Top 5 General knowledge application benchmarks:
GPQA Diamond Graduate-Level Google-Proof Q&A

MMMU Massive Multi-discipline Multimodal Understanding 
and Reasoning

MMLU-Pro Massive Multitask Language Understanding Pro

MMLU Massive Multitask Language Understanding

Humanity’s Last Exam –



Findings: General knowledge application benchmarks

What are AI model builders implying when 
highlighting AGI benchmarks?

1. Generality (the model is good for almost 
everything)

2. The model’s increased potential to replace 
human labor



Demo time!

bench-cultures.net

https://bench-cultures.net


Don’t just question the numbers, question what 
is (not) being measured.
- What benchmarks are highlighted?
- What do they claim to measure and how do they 

measure it?
- What is missing?

Conclusion: What is there to learn?



Investigate how popular benchmarks are being 
made.

Conclusion: What is there to learn?

- Crowdworker involvement?
- Biases?
- Known errors?



Conclusion: What is there to learn?

Gema et al. 2025



AI model builders try to shape a narrative with 
benchmarks. Seek out independently developed 
benchmarks to keep narratives in check.

Conclusion: What is there to learn?

https://evalevalai.com/ https://generative-ai-newsroom.com/



Thank you!
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