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AlphaGo, an artificial intelligence Go program developed by Google’s Deep Mind,
retired brilliantly from Go community after winning against Ke Jie in May, 2017.
AlphaGo, which confronted Ke Jie, was improved to be closer to perfection than the
AlphaGo, which confronted Lee Se-dol. So how did it improve? Deep Mind announced
that it will release specific details of the improved version of AlphaGo since
competition with Ke Jie. Deep Mind CEO Chief Executive Demis Hassabis said that
the fact that the improved AlphaGo did not learn human knowledge at all and that
the game was played at the level of one computer was a distinction from the past.

In October, 2017, the world’s leading journal Nature published a paper entitled
“Mastering the Game of Go without Human Knowledge.” 1t is an article on AlphaGo
Zero which contains details of the improved AlphaGo. In fact, improving AlphaGo was
seen as a very challenging area. The reason is paradoxically because of the Al
algorithm used by AlphaGo. In the past, AlphaGo used deep learning to calculate the
winning rate and preference positions of professional Go player. The greatest
limitation of deep learning is that it can not account for the causal relationship
between predicted results. In other words, in the past, AlphaGo never knew what
went wrong in order to make up the mistake. However, AlphaGo Zero succeeded in
improving the situation by eliminating these concerns and took the top spot in the
Go.

In this report, I try to analyze AlphaGo Zero's artificial intelligence algorithm. In
particular, I will focus on what differentiates AlphaGo from the past. In conclusion,
AlphaGo Zero has not trained human Go data, but tried to use self-play data for
training. AlphaGo Zero proved to be the best player in the league with its excellent
results. Thousands of years passed Go history gave the summit to the learned
artificial intelligence for about 40 days.
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At& : Mastering the game of Go with Deep neural networks and tree search, Nature(2016)
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A& : Mastering the game of Go without human knowledge, Nature(2017)
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E3] AlphaGo Zerox= TPU(Tensorflow Processing Unit, 78 4) 4 &S &
st A TE Hol FE5T HEo|g TPUE F2o] /s Axx A2z,
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A= Axkx 8] 4 X = GPU(Graphical Processing Unit)7} o 2 o)y}, #& 4n]7}
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6) Jouppi, Norman P., et al. “In-datacenter performance analysis of a tensor processing unit.“ arXiv
preprint arXiv:1704.04760 (2017).
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[ 8 4] Tensorflow Processing Unit (TPU)

At=: Build and train machine learning models on our new Google Cloud TPUs, Jeff Dean (2017)
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At® : Mastering the game of Go without human knowledge, Nature(2017)
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T Aol Azt 7)(EE2] 7)ol A AlphaGo Zeroot HL3HA <l
9] ﬂ]%% A &d&etA G WHS 83t sttt AlphaZerow 71&
AEA s ZE2O9H hdste] dEH o= FEsty] 1 AeS 45

gFol s d¥ET. 22y o3
s= A BAo g B3 S
A" dagFe ¥E 5 Ue

3 A dFArSe A F|F o] A

o b e
2 okl rlr K

jm i

8) Silver, David, et al. “Mastering Chess and Shogi by Self-Play with a General Reinforcement
Learning Algorithm.” arXiv preprint arXiv:1712.01815 (2017).
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