Observational Scaling Laws and the Predictability of Language Model Performance
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Scaling laws are critical tools for understanding and predicting model Approach: apply PCA to model-benchmark matrix using 100+ Question: is “emergence”’ an artifact of low-resolution data?
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Motivation: there are many public models & standard eval benchmarks _ . _ . _ .
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v’ relate training compute to complex downstream capabilities e Programming capabilities are essential for agents e Different techniques demonstrate different scaling properties



