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Question and Contributions Learning Multiplication over [F, = Z/pZ Algebraic Properties Matter

For (n, p) = (2,7), we stratify all p = 7° tensors by associativity (a), commutativity
(c), and unitality (u), then vary the training data fraction r € (0,1).

Grokking is usually studied on finite groups. What changes when the oper-
ation is a general finite-dimensional algebra (FDA), possibly non-associative,
non-commutative, or non-unital?

*We have A =F)andu-v=C x;juxyv=Cg(vau)foralluve
= Each algebra element is a token with a learned embedding.
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