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Overview and Architecture Diagram

(A) Data Statistics (a)
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Figure 1. Overview of the full pipeline. (A) Extract digit strings from pretraining corpora, normalize them to integer values, count N € [0 : 10,000], and fit count(N) o< N®. (B) Run number prompts through each model, project hidden states with
PCA, and estimate number-line scaling 5. (C) Compare corpus slopes, representation geometry, and number-comparison behavior.
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Table 2. o captures signed magnitude decay, R* measures log-log fit quality,
and Dy, captures deviation from the Zipf-like baseline shown in Figure 3.
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