A machine learning approach that beats Rubik's cubes
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Can a single unified ML solution beat them all?

DeepCubeA (2019) and EfficientCube (2023) demonstrated =70% optimality solving 333 Rubik’s cube with deep learning approaches.
In 2023, over 1000 teams of ML researchers competed in a Kaggle challenge solving 333, 4x4x4, and larger cubes.

Interesting fact: the number of 5}5%5 Rubik’s cube’s states is comparable to the number of atoms in the universe

Solution: Do not train too much:
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Teach on more samples or teach more agents?
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