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Sutton, Richard S. Reinforcement Learning: An Introduction. 2nd ed., The MIT Press, 2018.
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Silver, D. et al. Mastering the game of Go with deep neural networks and tree search (2016).
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AlphaGo Zero: Learning
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AlphaGo Zero: Learning Curve

5,000 -
4,000 |
3,000 |
2,000 -
1,000

Elo rating

. — AlphaGo Zero 40 blocks
-1,000 - --+ AlphaGo Master
—2.000. --+ AlphaGo Lee

0 5 10 15 20 25 30 35 40
Days

Silver, D. et al. Mastering the game of Go without human knowledge (2017).
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AlphaZero: Learning Curve
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Silver, D. et al. Mastering Chess and Shogj by Self-Play with a General Reinforcement Learning Algorithm (2017).
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