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Background

• Playing Atari with Deep Reinforcement learning_DQN (Nature-15)

• Mastering the game of Go with deep neural networks and tree 
search (AlphaGo, Nature-16)

• Mastering the game of Go without human knowledge     
(AlphaGo Zero, Nature-17, Science-19)

• Starcraft, Civilization, Poker, Chess, ......

http://www0.cs.ucl.ac.uk/staff/D.Silver/web/Applications.html

David Silver
Google DeepMind
Professor of Computer Science
University College London



Background - Elo Rating

• An evaluation method for measuring the level of various game 
activities. Games, Go, Chess, Basketball, Football...

• Processes
• Initialization point
• Calculating winning probability of two players according to the difference 

of points
• Each player updates his point based on opponent's points and game 

results



Background - Elo Rating
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• Expectations of two players' Winning Probability

• Points updating
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(A Good Evaluation Method in Game)



Background - Game Tree alpha-beta



Background - Examples



Frameworks - AlphaGo

• 1. Train a supervised learning (SL) policy network     directly from 
expert human moves. (Imitation Learning)

• 2. Train a reinforcement learning (RL) policy network     that 
improves the SL policy network by optimizing the final outcome 
of games of self-play.

• 3. Train a value network     that predicts the winner of games 
played by the RL policy network against itself.

• 4. The program AlphaGo efficiently combines the policy and value 
networks with Monte Carlo tree search (MCTS).
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Frameworks - AlphaGo

• Supervised learning of policy networks
• The policy network is trained on randomly

sampled state-action pairs (s, a).
• Maximize the likelihood
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KGS dataset



Frameworks - AlphaGo

• Reinforcement learning of policy networks

• The RL policy network and SL policy network have the same structure and values.

• We play games between the current policy network and a randomly selected 
previous iteration of the policy network.
(Prevent overfitting to the current policy)

• Maximize the expected outcome
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Frameworks - AlphaGo

• Reinforcement learning of value networks
• Estimating a value function          that predicts the outcome from position 

s of games played by using policy P for both players 

• We estimate the value function          for our strongest policy, using RL 
policy network      . 

• Minimize mean squared error (MSE)
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Method Training Set Test Set

1 (KGS dataset) 0.19 0.37

2 (self-play dataset) 0.234 0.226

MSEs

tricks

VS.  “绝艺”, AI Lab, Tencent



Frameworks - AlphaGo

• Searching with policy and value networks
• AlphaGo combines the policy and value networks in an MCTS algorithm.
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Frameworks - AlphaGo

• Searching with policy and value networks



Experiments - AlphaGo



Frameworks - AlphaGo Zero

• Achievement

• Winning 100-0 against the previously published, champion-defeating 
AlphaGo.

• Without any human data, guidance or domain knowledge.

• The form is simpler, the design is more reasonable and the method is 
more effective. 



Frameworks - AlphaGo Zero

• Reinforcement learning in AlphaGo Zero
• Use a deep neural nework     with parameters    to estimate both move 

probabilities and a value.

• This neural network combines the roles of both policy network and value 
network into a single architecture.
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Frameworks - AlphaGo Zero

• Reinforcement learning in AlphaGo Zero
• Use a deep neural nework     with parameters    to estimate both move 

probabilities and a value.

• In each postition  , and MCTS search is executed, guided by the neural 
network    . The MCTS outputs probabilities    of playing each move. 
(These search probabilities usually select much stronger moves than the 
raw move probabilites    of the neural network        ; MCTS may therefore 
be viewed as a powerful policy improvement operator.)
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Frameworks - AlphaGo Zero

• Reinforcement learning in AlphaGo Zero
• Policy iteration procedure:

• The neural network's parameters are updated to make the move probabilities and 
value                      more closely match the improved search probabilites and self-
play winner         . 

• These new parameters are used in the next iteration of self-play to make search 
even stronger.
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Frameworks - AlphaGo Zero

• Reinforcement learning in AlphaGo Zero
• The parameters    are adjusted by gradient desent on a loss function   

that sums over the mean-squared error and cross-entropy losses. 

• where     is a parameter controlling the level of L2 weight regularization.

(to prevent overfitting)
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Experiments - AlphaGo Zero



Experiments - AlphaGo Zero

自己 对手 结果

AlphaGo Fan Fan Hui (欧洲围棋冠军) 5:0

AlphaGo Lee 李世石 (围棋世界冠军) 4:1

AlphaGo Master 10+围棋高手 60:0

AlphaGo Master
(之后宣布退出围棋比赛)

柯洁 (人类第一) 3:0

AlphaGo Zero
(不选择和人类进行比赛, 只和机器
内战)

AlphaGo Lee 100:0



Experiments

• Imitation learning

• Mujoco Environment



Experiments - PG_CartPole



Experiments - PG_MountainCar



Experiments - ATRPO_CartPole



Experiments - ATRPO_MountainCar


