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8 Only 2 MINUTES ©) ? Read Here ¥ WHAT WE DO
— Evaluate on MMLU Pro - 14 domains

AI Oversight = Using models to evaluate and
annotate fraining data for other models
— Filter questions for free-form evaluation

— Use LLM-as-a-judge to rate free-form answers
Our FINDINGS — Pairs across 9 judges and 39 judged models

INTERNATIONAL INSTITUTE OF
INFORMATION TECHNOLOGY
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Effect of Similarity on Weak-to-Strong Training

Effect of Similarity on LLM-as-a-Judge Effect of Improving Capability on Similarity

— OpenAl Weak-to-strong generalization setup
— Models: Weak 1-3B, Strong 7-9B parameters
— Studied 12 model pairs on 15 NLP tasks

WHAT WE FIND

— 130 models from = OpenlLLM Leaderboard
— Datasets: MMLU Pro & Big Bench Hard
— Legend: Color = family, Size = #Params

Great Models Think Alike
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Novel Model SIMILARITY Metric
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| — 5 5 similar predictions Affinity Bias: Judgement scores increase with Training on LM annotations benefits from With increasing capabilities, model errors are
similarity, even when controlling for true accuracy complementary knowledge becoming more correlated

| Cohen's I Models can have

%Agreement X % X | similar predictions by

. Paper, Data, Code and Demo! .

virtue of high accuracy.
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Think two models have similar behavior? &
or Some Interventions have complementary benefits?
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You can now quantify similarity! — pip install

similarity when models have uncorrelated errors.
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