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• What taught in this lecture is not exactly the same to the original
AlphaGo papers [1,2].
• There are simplifications here.

Disclaimer

Reference

1. Silver	and	others:	Mastering	the	game	of	Go	with	deep	neural	networks	and	tree	search. Nature,	2016.

2. Silver	and	others:	Mastering	the	game	of	Go	without	human	knowledge.	Nature,	2017.



Go Game

• The	standard	Go	board	has	a	19×19 grid	of	
lines,	containing	361	points.
• State:	arrangement	of	black,	white,	and	space.
• State	𝑠 can	be	a	19×19×2 tensor	of	0 or	1.
• (AlphaGo actually	uses	a	19×19×48 tensor	to	
store	other	information.)

• Action:	place	a	stone	on	a	vacant	point.
• Action	space:	𝒜 ⊂ 1, 2, 3, ⋯ , 361 .

• Go	is	very	complex.
• Number	of	possible	sequence	of	actions is		10012.
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High-Level Ideas



Training and Execution

1. Initialize policy network using behavior cloning.
(Supervised learning from human experience.)

2. Train the policy network using policy gradient. (Two policy
networks play against each other.)

3. After training the policy network, use it to train a value
network.

Training in 3 steps:
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Training and Execution

1. Initialize policy network using behavior cloning.
(Supervised learning from human experience.)

2. Train the policy network using policy gradient. (Two policy
networks play against each other.)

3. After training the policy network, use it to train a value
network.

Training in 3 steps:

• Do Monte Carlo Tree Search (MCTS) using the policy and
value networks.

Execution (actually play Go games):
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Policy Network



State (of AlphaGo Zero)
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1 黑
0 白
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当前的黑子位置为一层
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前7步黑子位置
分别用1层表示
共七层

BookxNote Pro
共需16层来表示黑白棋子的位置

BookxNote Pro
最后一层:
当前该下黑棋,则全为1
该下白色棋子,全为0

BookxNote Pro

BookxNote Pro

BookxNote Pro

BookxNote Pro



Conv

state feature

Policy Network (of AlphaGo Zero)

Dense

19×19×17 tensor

⋮

𝜋 1 𝑠, 𝛉
𝜋 2 𝑠, 𝛉
𝜋 3 𝑠, 𝛉

𝜋 359 𝑠, 𝛉
𝜋 360 𝑠, 𝛉
𝜋 361 𝑠, 𝛉

Probability	distribution	
over	the	361	actions
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Conv

state

Policy Network (of AlphaGo)

19×19×48 tensor

⋮

𝜋 1 𝑠, 𝛉
𝜋 2 𝑠, 𝛉
𝜋 3 𝑠, 𝛉

𝜋 359 𝑠, 𝛉
𝜋 360 𝑠, 𝛉
𝜋 361 𝑠, 𝛉

Probability	distribution	
over	the	361	actions

BookxNote Pro
2016版



Initialize Policy Network by Behavior Cloning
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on high-performance MCTS algorithms. In addition, we included the 
open source program GnuGo, a Go program using state-of-the-art 
search methods that preceded MCTS. All programs were allowed 5 s 
of computation time per move.

The results of the tournament (see Fig. 4a) suggest that single- 
machine AlphaGo is many dan ranks stronger than any previous  
Go program, winning 494 out of 495 games (99.8%) against other 
Go programs. To provide a greater challenge to AlphaGo, we also 
played games with four handicap stones (that is, free moves for the 
opponent); AlphaGo won 77%, 86%, and 99% of handicap games 
against Crazy Stone, Zen and Pachi, respectively. The distributed ver-
sion of AlphaGo was significantly stronger, winning 77% of games 
against single-machine AlphaGo and 100% of its games against other 
programs.

We also assessed variants of AlphaGo that evaluated positions 
using just the value network (λ = 0) or just rollouts (λ = 1) (see  
Fig. 4b). Even without rollouts AlphaGo exceeded the performance 
of all other Go programs, demonstrating that value networks provide 
a viable alternative to Monte Carlo evaluation in Go. However, the 
mixed evaluation (λ = 0.5) performed best, winning ≥95% of games 
against other variants. This suggests that the two position-evaluation 

mechanisms are complementary: the value network approximates the 
outcome of games played by the strong but impractically slow pρ, while 
the rollouts can precisely score and evaluate the outcome of games 
played by the weaker but faster rollout policy pπ. Figure 5 visualizes 
the evaluation of a real game position by AlphaGo.

Finally, we evaluated the distributed version of AlphaGo against Fan 
Hui, a professional 2 dan, and the winner of the 2013, 2014 and 2015 
European Go championships. Over 5–9 October 2015 AlphaGo and 
Fan Hui competed in a formal five-game match. AlphaGo won the 
match 5 games to 0 (Fig. 6 and Extended Data Table 1). This is the 
first time that a computer Go program has defeated a human profes-
sional player, without handicap, in the full game of Go—a feat that was  
previously believed to be at least a decade away3,7,31.

Discussion
In this work we have developed a Go program, based on a combina-
tion of deep neural networks and tree search, that plays at the level of 
the strongest human players, thereby achieving one of artificial intel-
ligence’s “grand challenges”31–33. We have developed, for the first time, 
effective move selection and position evaluation functions for Go, 
based on deep neural networks that are trained by a novel combination  

Figure 6 | Games from the match between AlphaGo and the European 
champion, Fan Hui. Moves are shown in a numbered sequence 
corresponding to the order in which they were played. Repeated moves  
on the same intersection are shown in pairs below the board. The first 

move number in each pair indicates when the repeat move was played, at 
an intersection identified by the second move number (see Supplementary 
Information).
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Game 1
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by 2.5 points

Game 2
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 3
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

Game 4
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 5
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

© 2016 Macmillan Publishers Limited. All rights reserved

Learning from human’s record

• Initially, the network’s parameters are
random.
• If two policy networks play against each
other, they would do random actions.
• It would take very long before they make
reasonable actions.
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on high-performance MCTS algorithms. In addition, we included the 
open source program GnuGo, a Go program using state-of-the-art 
search methods that preceded MCTS. All programs were allowed 5 s 
of computation time per move.

The results of the tournament (see Fig. 4a) suggest that single- 
machine AlphaGo is many dan ranks stronger than any previous  
Go program, winning 494 out of 495 games (99.8%) against other 
Go programs. To provide a greater challenge to AlphaGo, we also 
played games with four handicap stones (that is, free moves for the 
opponent); AlphaGo won 77%, 86%, and 99% of handicap games 
against Crazy Stone, Zen and Pachi, respectively. The distributed ver-
sion of AlphaGo was significantly stronger, winning 77% of games 
against single-machine AlphaGo and 100% of its games against other 
programs.

We also assessed variants of AlphaGo that evaluated positions 
using just the value network (λ = 0) or just rollouts (λ = 1) (see  
Fig. 4b). Even without rollouts AlphaGo exceeded the performance 
of all other Go programs, demonstrating that value networks provide 
a viable alternative to Monte Carlo evaluation in Go. However, the 
mixed evaluation (λ = 0.5) performed best, winning ≥95% of games 
against other variants. This suggests that the two position-evaluation 

mechanisms are complementary: the value network approximates the 
outcome of games played by the strong but impractically slow pρ, while 
the rollouts can precisely score and evaluate the outcome of games 
played by the weaker but faster rollout policy pπ. Figure 5 visualizes 
the evaluation of a real game position by AlphaGo.

Finally, we evaluated the distributed version of AlphaGo against Fan 
Hui, a professional 2 dan, and the winner of the 2013, 2014 and 2015 
European Go championships. Over 5–9 October 2015 AlphaGo and 
Fan Hui competed in a formal five-game match. AlphaGo won the 
match 5 games to 0 (Fig. 6 and Extended Data Table 1). This is the 
first time that a computer Go program has defeated a human profes-
sional player, without handicap, in the full game of Go—a feat that was  
previously believed to be at least a decade away3,7,31.

Discussion
In this work we have developed a Go program, based on a combina-
tion of deep neural networks and tree search, that plays at the level of 
the strongest human players, thereby achieving one of artificial intel-
ligence’s “grand challenges”31–33. We have developed, for the first time, 
effective move selection and position evaluation functions for Go, 
based on deep neural networks that are trained by a novel combination  

Figure 6 | Games from the match between AlphaGo and the European 
champion, Fan Hui. Moves are shown in a numbered sequence 
corresponding to the order in which they were played. Repeated moves  
on the same intersection are shown in pairs below the board. The first 

move number in each pair indicates when the repeat move was played, at 
an intersection identified by the second move number (see Supplementary 
Information).
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Game 1
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by 2.5 points

Game 2
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 3
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

Game 4
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 5
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

© 2016 Macmillan Publishers Limited. All rights reserved

Learning from human’s record

• Initially, the network’s parameters are
random.
• Human’ sequences of actions have been
recorded. (KGS dataset has 160K games’
records.)
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on high-performance MCTS algorithms. In addition, we included the 
open source program GnuGo, a Go program using state-of-the-art 
search methods that preceded MCTS. All programs were allowed 5 s 
of computation time per move.

The results of the tournament (see Fig. 4a) suggest that single- 
machine AlphaGo is many dan ranks stronger than any previous  
Go program, winning 494 out of 495 games (99.8%) against other 
Go programs. To provide a greater challenge to AlphaGo, we also 
played games with four handicap stones (that is, free moves for the 
opponent); AlphaGo won 77%, 86%, and 99% of handicap games 
against Crazy Stone, Zen and Pachi, respectively. The distributed ver-
sion of AlphaGo was significantly stronger, winning 77% of games 
against single-machine AlphaGo and 100% of its games against other 
programs.

We also assessed variants of AlphaGo that evaluated positions 
using just the value network (λ = 0) or just rollouts (λ = 1) (see  
Fig. 4b). Even without rollouts AlphaGo exceeded the performance 
of all other Go programs, demonstrating that value networks provide 
a viable alternative to Monte Carlo evaluation in Go. However, the 
mixed evaluation (λ = 0.5) performed best, winning ≥95% of games 
against other variants. This suggests that the two position-evaluation 

mechanisms are complementary: the value network approximates the 
outcome of games played by the strong but impractically slow pρ, while 
the rollouts can precisely score and evaluate the outcome of games 
played by the weaker but faster rollout policy pπ. Figure 5 visualizes 
the evaluation of a real game position by AlphaGo.

Finally, we evaluated the distributed version of AlphaGo against Fan 
Hui, a professional 2 dan, and the winner of the 2013, 2014 and 2015 
European Go championships. Over 5–9 October 2015 AlphaGo and 
Fan Hui competed in a formal five-game match. AlphaGo won the 
match 5 games to 0 (Fig. 6 and Extended Data Table 1). This is the 
first time that a computer Go program has defeated a human profes-
sional player, without handicap, in the full game of Go—a feat that was  
previously believed to be at least a decade away3,7,31.

Discussion
In this work we have developed a Go program, based on a combina-
tion of deep neural networks and tree search, that plays at the level of 
the strongest human players, thereby achieving one of artificial intel-
ligence’s “grand challenges”31–33. We have developed, for the first time, 
effective move selection and position evaluation functions for Go, 
based on deep neural networks that are trained by a novel combination  

Figure 6 | Games from the match between AlphaGo and the European 
champion, Fan Hui. Moves are shown in a numbered sequence 
corresponding to the order in which they were played. Repeated moves  
on the same intersection are shown in pairs below the board. The first 

move number in each pair indicates when the repeat move was played, at 
an intersection identified by the second move number (see Supplementary 
Information).
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Game 1
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by 2.5 points

Game 2
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 3
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

Game 4
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 5
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation
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Learning from human’s record

• Initially, the network’s parameters are
random.
• Human’ sequences of actions have been
recorded. (KGS dataset has 160K games’
records.)
• Behavior cloning: Let the policy network
imitate human players.
• After behavior	cloning, the policy
network	beats advanced	amateur.
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Behavior Cloning

• Reinforcement	learning: Supervision	is	from	rewards	given	
by	the	environment.
• Imitation	learning:	Supervision	is	from	experts’	actions.
• Agent does not see rewards.
• Agent simply imitates experts’ actions.

Behavior cloning	is	not	reinforcement	learning!
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Behavior Cloning

• Reinforcement	learning: Supervision	is	from	rewards	given	
by	the	environment.
• Imitation	learning:	Supervision	is	from	experts’	actions.

• Behavior cloning	is	one	of	the	imitation	learning	methods.
• Behavior cloning	is	simply	classification	or	regression.

Behavior cloning	is	not	reinforcement	learning!

BookxNote Pro

BookxNote Pro

BookxNote Pro



Behavior Cloning

• Observe	this	state	𝑠8.
• The	neural	net	makes	a	prediction:
𝐚8 	= 	 𝜋 1 𝑠8, 𝛉 ,⋯ , 𝜋 361 𝑠8, 𝛉 	∈ 	 0,1 <=0.

• The	expert’s	action	is	𝑎8⋆ = 281.

• Let		𝐲8 ∈ 0,1 <=0 be	the	one-hot	
encode	of		𝑎8⋆ = 281.
• Loss = Dist 𝐲8, 𝐚8 .

• Use	gradient	descent	to	update	policy	
network	and	CNN.
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Behavior Cloning

• Observe	this	state	𝑠8.
• Policy network makes	a	prediction:
𝐩8 	= 	 𝜋 1 𝑠8, 𝛉 ,⋯ , 𝜋 361 𝑠8, 𝛉 	∈ 	 0,1 <=0.

• The	expert’s	action	is	𝑎8⋆ = 281.

• Let		𝐲8 ∈ 0,1 <=0 be	the	one-hot	
encode	of		𝑎8⋆ = 281.
• Loss = Dist 𝐲8, 𝐚8 .

• Use	gradient	descent	to	update	policy	
network	and	CNN.

w.p.	0.4

w.p.	0.1
w.p.	0.2

w.p.	0.3
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Behavior Cloning

• Observe	this	state	𝑠8.
• Policy network makes	a	prediction:
𝐩8 	= 	 𝜋 1 𝑠8, 𝛉 ,⋯ , 𝜋 361 𝑠8, 𝛉 	∈ 	 0,1 <=0.

• The	expert’s	action	is	𝑎8⋆ = 281.

• Let		𝐲8 ∈ 0,1 <=0 be	the	one-hot	
encode	of		𝑎8⋆ = 281.
• Loss = Dist 𝐲8, 𝐚8 .

• Use	gradient	descent	to	update	policy	
network	and	CNN.

Expert’s	action
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Behavior Cloning

• Observe	this	state	𝑠8.
• Policy network makes	a	prediction:
𝐩8 	= 	 𝜋 1 𝑠8, 𝛉 ,⋯ , 𝜋 361 𝑠8, 𝛉 	∈ 	 0,1 <=0.

• The	expert’s	action	is	𝑎8⋆ = 281.

• Let		𝐲8 ∈ 0,1 <=0 be	the	one-hot	
encode	of		𝑎8⋆ = 281.
• Loss = CrossEntropy 𝐲8, 𝐩8 .

• Use	gradient	descent	to	update	policy	
network.

Expert’s	action

BookxNote Pro

BookxNote Pro
Behavior其实就是多分类,
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After behavior cloning…

• Suppose	the	current	sate	𝑠8 has	appeared	in	training	data.
• The	policy network imitates expert’s	action	𝑎8.	(Which	is	a	good	action!)
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After behavior cloning…

• Suppose	the	current	sate	𝑠8 has	appeared	in	training	data.
• The	policy network imitates expert’s	action	𝑎8.	(Which	is	a	good	action!)

Question:	Why	bother	doing	RL	after	behavior	cloning?	

• What	if	the	current	state	𝑠8 has not	appeared in	training	data?
• Then	the	policy network’	action	𝑎8 can	be	bad.

BookxNote Pro
若当前St出现过,那么at的结果肯定非常好,因为有迹可循
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After behavior cloning…

• Suppose	the	current	sate	𝑠8 has	appeared	in	training	data.
• The	policy network imitates expert’s	action	𝑎8.	(Which	is	a	good	action!)

Question:	Why	bother	doing	RL	after	behavior	cloning?	

• What	if	the	current	state	𝑠8 has not	appeared in	training	data?
• Then	the	policy network’	action	𝑎8 can	be	bad.
• Number	of	possible	states	is	too big.
• There	is	a	big	chance	that	𝑠8 has not	appeared in	training	data.

Behavior	cloning	+	RL		beats		behavior	cloning	 with	80%	chance.
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Train Policy Network Using Policy Gradient
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Reinforcement learning of policy network

Player
(Agent)

policy network with
latest param

Opponent
(Environment)
policy network with

old param

V.S.

• Player’s parameters are the	latest	parameters	of the policy network.
• Opponent’s	parameters	are	randomly	selected	from	previous	iterations.
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Reinforcement learning of policy network

• Suppose a game ends at step 𝑇.
• Rewards:
• 𝑟0 = 𝑟Q = 𝑟< = ⋯ = 𝑟RS0 = 0.	(When	the	game	has	not	ended.)
• 𝑟R = +1 (winner).
• 𝑟R = −1 (loser).

Reinforcement learning is guided by rewards.
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Reinforcement learning of policy network

• Suppose a game ends at step 𝑇.
• Rewards:
• 𝑟0 = 𝑟Q = 𝑟< = ⋯ = 𝑟RS0 = 0.	(When	the	game	has	not	ended.)
• 𝑟R = +1 (winner).
• 𝑟R = −1 (loser).

• Recall	that	return	is	defined	by	𝑢8 = ∑ 𝑟XR
XY8 .	(No	discount	here.)

• Winner’s returns: 𝑢0 = 𝑢Q = ⋯ = 𝑢R = +1.
• Loser’s returns: 	𝑢0 = 𝑢Q = ⋯ = 𝑢R = −1.

Reinforcement learning is guided by rewards.
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Policy Gradient

• Recall	that	Z [\] ^(`a|ca,𝛉)	
Z	𝛉

⋅ 𝑄^ 𝑠8, 𝑎8 is approximate	policy	gradient.

Policy	gradient:	Derivative	of	state-value	function	𝑉 𝑠; 𝛉 w.r.t.	𝛉.



Policy Gradient

• Recall	that	Z [\] ^(`a|ca,𝛉)	
Z	𝛉

⋅ 𝑄^ 𝑠8, 𝑎8 is approximate	policy	gradient.

• By	definition,	the	action	value	is	𝑄^ 𝑠8, 𝑎8 = 𝔼	 𝑈8|𝑠8, 𝑎8 .

• Thus,	we	can	replace	𝑄^ 𝑠8, 𝑎8 by the observed return 𝑢8.

• Approximate policy	gradient:				Z [\] ^(`a|ca,𝛉)	
Z	𝛉

⋅ 𝑢8.

Policy	gradient:	Derivative	of	state-value	function	𝑉 𝑠; 𝛉 w.r.t.	𝛉.
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Train policy network using policy gradient

• Two	policy	networks	play	a	game	to	the	end.	(Player v.s.	Opponent.)

• Get	a	trajectory:				𝑠0, 𝑎0, 𝑠Q, 𝑎Q, ⋯		 , 𝑠R, 𝑎R.	
• After	the	game	ends,	update	the	player’s policy	network.
• The	player’s returns:	𝑢0 = 𝑢Q = ⋯ = 𝑢R.	(Either	+1 or	−1.)

• Sum	of	approximate policy	gradients:				𝐠l = ∑ Z [\] ^(`a|ca,𝛉)	
Z	𝛉

R
8Y0 ⋅ 𝑢8.

• Update	policy	network:			𝛉	 ← 	𝛉 + 𝛽 ⋅ 𝐠l.

Repeat	the	followings:
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Play Go using the policy network

• The policy network 𝜋 has been learned.
• Observing the current state 𝑠8,	randomly	sample	action

𝑎8 ∼ 𝜋 ⋅ 𝑠8, 𝛉 .
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Play Go using the policy network

• The policy network 𝜋 has been learned.
• Observing the current state 𝑠8,	randomly	sample	action

𝑎8 ∼ 𝜋 ⋅ 𝑠8, 𝛉 .

• The	learned	policy	network 𝜋 is	strong, but not strong enough.	
• A	small	mistake	may	change	the	game	result.



Train the Value Network
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Definition:	State-value	function.

• 𝑉 𝑠 = 𝔼 𝑈8|𝑆8 = 𝑠 ,	where	𝑈8 = +1 (if	win)	and	−1 (if	lose)	.
• The	expectation	is	taken	with	respect	to
• The	future actions	𝐴8, 𝐴8r0,⋯ , 𝐴R.
• The	future states	𝑆8r0, 𝑆8rQ,⋯ , 𝑆R

State-Value Function



State-Value Function

Approximate	state-value	function	using	a	value	network.
• Use	a	neural	network	𝑣 𝑠;𝐰 to	approximate	𝑉 𝑠 .
• It	evaluate	how	good	the	current	situation	is.

Definition:	State-value	function.

• 𝑉 𝑠 = 𝔼 𝑈8|𝑆8 = 𝑠 ,	where	𝑈8 = +1 (if	win)	and	−1 (if	lose)	.
• The	expectation	is	taken	with	respect	to
• The	future actions	𝐴8, 𝐴8r0,⋯ , 𝐴R.
• The	future states	𝑆8r0, 𝑆8rQ,⋯ , 𝑆R
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Conv

state feature

Policy Value Networks (AlphaGo Zero)

Policy
Head

19×19×17 tensor

⋮
𝜋 1 𝑠, 𝛉

𝜋 361 𝑠, 𝛉

Value
Head State	value	(scalar)
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Train the value network

After	finishing	training	the	policy	network,	train	the	value	network.
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1. Play	a	game	to	the	end.
• If	win,	let	𝑢0 = 𝑢Q = ⋯ = 𝑢R = +1.
• If	lose,	let	𝑢0 = 𝑢Q = ⋯ = 𝑢R = −1.

2. Loss:				𝐿 = ∑ 0
Q
𝑣 𝑠8;𝐰 − 𝑢8 QR

8Y0 .

3. Update:	𝐰 ← 𝐰− 𝛼 ⋅ Z	w
Z	𝐰

.

Train the value network

After	finishing	training	the	policy	network,	train	the	value	network.

Repeat	the	followings:

BookxNote Pro
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反映v是否准确



Monte Carlo Tree Search



• Suppose	I	choose	action	𝑎8.
• What	will	be	my	opponent’s	action?	(His	action	leads	to	state	𝑠8r0.)
• What	will	I	be	my	action	𝑎8r0 upon	observing	𝑠8r0?
• What	will	be	my	opponent’s	action?	(His	action	leads	to	state	𝑠8rQ.)
• What	will	I	be	my	action	𝑎8rQ upon	observing	𝑠8r<?

• If	you	can	exhaustively	foresee	all	the	possibilities,	you	will	win.

How do human play Go?

⋮

Players must	look	ahead	two	or	more	steps.
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• Strange:	I	went	forward	in	time...	to	view	alternate	futures.	To	see	all	the	possible	outcomes	of	the	coming	conflict.
• Quill:	How	many	did	you	see?
• Strange:	Fourteen	million	six	hundred	and	five.

• Stark:	 How	many	did	we	win?
• Strange:	… One.
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learning of convolutional networks, won 11% of games against Pachi23 
and 12% against a slightly weaker program, Fuego24.

Reinforcement learning of value networks
The final stage of the training pipeline focuses on position evaluation, 
estimating a value function vp(s) that predicts the outcome from posi-
tion s of games played by using policy p for both players28–30

E( )= | = ∼…v s z s s a p[ , ]p
t t t T

Ideally, we would like to know the optimal value function under 
perfect play v*(s); in practice, we instead estimate the value function 

ρv p  for our strongest policy, using the RL policy network pρ. We approx-
imate the value function using a value network vθ(s) with weights θ, 

⁎( )≈ ( )≈ ( )θ ρv s v s v sp . This neural network has a similar architecture  
to the policy network, but outputs a single prediction instead of a prob-
ability distribution. We train the weights of the value network by regres-
sion on state-outcome pairs (s, z), using stochastic gradient descent to 
minimize the mean squared error (MSE) between the predicted value 
vθ(s), and the corresponding outcome z

∆θ
θ

∝
∂ ( )
∂
( − ( ))θ

θ
v s z v s

The naive approach of predicting game outcomes from data con-
sisting of complete games leads to overfitting. The problem is that 
successive positions are strongly correlated, differing by just one stone, 
but the regression target is shared for the entire game. When trained 
on the KGS data set in this way, the value network memorized the 
game outcomes rather than generalizing to new positions, achieving a 
minimum MSE of 0.37 on the test set, compared to 0.19 on the training 
set. To mitigate this problem, we generated a new self-play data set 
consisting of 30 million distinct positions, each sampled from a sepa-
rate game. Each game was played between the RL policy network and 
itself until the game terminated. Training on this data set led to MSEs 
of 0.226 and 0.234 on the training and test set respectively, indicating 
minimal overfitting. Figure 2b shows the position evaluation accuracy 
of the value network, compared to Monte Carlo rollouts using the fast 
rollout policy pπ; the value function was consistently more accurate. 
A single evaluation of vθ(s) also approached the accuracy of Monte 
Carlo rollouts using the RL policy network pρ, but using 15,000 times 
less computation.

Searching with policy and value networks
AlphaGo combines the policy and value networks in an MCTS algo-
rithm (Fig. 3) that selects actions by lookahead search. Each edge  

(s, a) of the search tree stores an action value Q(s, a), visit count N(s, a), 
and prior probability P(s, a). The tree is traversed by simulation (that 
is, descending the tree in complete games without backup), starting 
from the root state. At each time step t of each simulation, an action at 
is selected from state st

= ( ( )+ ( ))a Q s a u s aargmax , ,t
a

t t

so as to maximize action value plus a bonus

( )∝
( )
+ ( )

u s a P s a
N s a

, ,
1 ,

that is proportional to the prior probability but decays with  
repeated visits to encourage exploration. When the traversal reaches a 
leaf node sL at step L, the leaf node may be expanded. The leaf position 
sL is processed just once by the SL policy network pσ. The output prob-
abilities are stored as prior probabilities P for each legal action a,  
( )= ( | )σP s a p a s,  . The leaf node is evaluated in two very different ways: 

first, by the value network vθ(sL); and second, by the outcome zL of a 
random rollout played out until terminal step T using the fast rollout 
policy pπ; these evaluations are combined, using a mixing parameter 
λ, into a leaf evaluation V(sL)

λ λ( )= ( − ) ( )+θV s v s z1L L L

At the end of simulation, the action values and visit counts of all 
traversed edges are updated. Each edge accumulates the visit count and 
mean evaluation of all simulations passing through that edge

∑

∑

( )= ( )

( )=
( )

( ) ( )

=

=

N s a s a i

Q s a
N s a

s a i V s

, 1 , ,

, 1
,

1 , ,

i

n

i

n

L
i

1

1

where sL
i  is the leaf node from the ith simulation, and 1(s, a, i) indicates 

whether an edge (s, a) was traversed during the ith simulation. Once 
the search is complete, the algorithm chooses the most visited move 
from the root position.

It is worth noting that the SL policy network pσ performed better in 
AlphaGo than the stronger RL policy network pρ, presumably because 
humans select a diverse beam of promising moves, whereas RL opti-
mizes for the single best move. However, the value function 
( )≈ ( )θ ρv s v sp  derived from the stronger RL policy network performed 

Figure 3 | Monte Carlo tree search in AlphaGo. a, Each simulation 
traverses the tree by selecting the edge with maximum action value Q, 
plus a bonus u(P) that depends on a stored prior probability P for that 
edge. b, The leaf node may be expanded; the new node is processed once 
by the policy network pσ and the output probabilities are stored as prior 
probabilities P for each action. c, At the end of a simulation, the leaf node 

is evaluated in two ways: using the value network vθ; and by running 
a rollout to the end of the game with the fast rollout policy pπ, then 
computing the winner with function r. d, Action values Q are updated to 
track the mean value of all evaluations r(·) and vθ(·) in the subtree below 
that action.
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Select actions by look-ahead search

• Randomly select an action	𝑎.
• Look	ahead	and	see	whether	𝑎 leads	to	win	or	
lose.
• Repeat	this	procedure	many	times.
• Choose	the	action	𝑎 that	has the highest score.

player’s	action

opponent’s	action

Main idea
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策略函数可以选出好的动作
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自我博弈

BookxNote Pro
看哪个动作的分数最高
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Monte Carlo Tree Search (MCTS)

1. Selection: The player makes an action 𝑎. (Imaginary action; not
actual move.)

2. Expansion: The opponent makes an action; the state updates. (Also
imaginary action; made by the policy network.)

3. Evaluation: Evaluate the state-value and get score 𝑣. Play the game
to the end to receive reward 𝑟. Assign score xry

Q
to action 𝑎.

4. Backup: Use the score xry
Q

to update action-values.

Every simulation of Monte Carlo Tree Search (MCTS) has 4 steps:
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按分数选一个动作
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𝑠8 Step 1: Selection

Question: Observing 𝑠8, which action shall we explore?
valid actions

BookxNote Pro




𝑠8 Step 1: Selection

Question: Observing 𝑠8, which action shall we explore?

• 𝑄 𝑎 : Action-value computed by MCTS. (To be defined.)
• 𝜋 𝑎	|	𝑠8; 𝛉 : The learned policy network.
• 𝑁 	𝑎 : Given 𝑠8, how many times we have selected 𝑎 so far.

First, for all the valid actions 𝑎, calculate the score:
score 𝑎 = 𝑄 𝑎 + 𝜂 ⋅ ^ `	|	ca;𝛉

0r� `
.

valid actions

BookxNote Pro
优先探索好的动作
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𝑠8 Step 1: Selection

Question: Observing 𝑠8, which action shall we explore?
0.6 0.3 0.8

• 𝑄 𝑎 : Action-value computed by MCTS. (To be defined.)
• 𝜋 𝑎	|	𝑠8; 𝛉 : The learned policy network.
• 𝑁 	𝑎 : Given 𝑠8, how many times we have selected 𝑎 so far.

First, for all the valid actions 𝑎, calculate the score:
score 𝑎 = 𝑄 𝑎 + 𝜂 ⋅ ^ `	|	ca;𝛉

0r� `
.
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• 𝑄 𝑎 : Action-value computed by MCTS. (To be defined.)
• 𝜋 𝑎	|	𝑠8; 𝛉 : The learned policy network.
• 𝑁 	𝑎 : Given 𝑠8, how many times we have selected 𝑎 so far.

Step 1: Selection

Question: Observing 𝑠8, which action shall we explore?

First, for all the valid actions 𝑎, calculate the score:
score 𝑎 = 𝑄 𝑎 + 𝜂 ⋅ ^ `	|	ca;𝛉

0r� `
.

Second, the action with the biggest score 𝑎 is selected.

𝑠8
0.6 0.80.3
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• Given 𝑎8, the opponent’s action 𝑎8� will lead to the
new state 𝑠8r0.

𝑠8

𝑎8

Step 2: Expansion

Question:What will be the opponent's action?
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• Given 𝑎8, the opponent’s action 𝑎8� will lead to the
new state 𝑠8r0.
• The opponent’s action is randomly sampled from

𝑎8� 		∼ 	𝜋 ⋅ 	 |	𝑠8�; 𝛉 .
Here, 𝑠8� is the state observed by the opponent.

𝑠8

𝑎8

Step 2: Expansion

Question:What will be the opponent's action?
Prob = 0.4 Prob = 0.6
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• Given 𝑎8, the opponent’s action 𝑎8� will lead to the
new state 𝑠8r0.
• The opponent’s action is randomly sampled from

𝑎8� 		∼ 	𝜋 ⋅ 	 |	𝑠8�; 𝛉 .
Here, 𝑠8� is the state observed by the opponent.

𝑠8

𝑎8

Step 2: Expansion

Question:What will be the opponent's action?
Prob = 0.4 Prob = 0.6

𝑠8r0

• The state-transition probability 𝑝 𝑠8r0 𝑠8, 𝑎8 is unknown.

• Use the policy function 𝜋 as the state-transition function 𝑝.
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opponent’s action

• Player’s action: 𝑎� ∼ 𝜋 ⋅ 	 |	𝑠�; 𝛉 .
• Opponent’s action: 𝑎�� ∼ 𝜋 ⋅ 	 |	𝑠�� ; 𝛉 .

𝑠8

𝑎8

Step 3: Evaluation

𝑠8r0

⋮

𝑠R

𝑎8r0

𝑠8rQ Fast
Rollout

player’s action

opponent’s action

player’s action

Run a rollout to the end of the game (step 𝑇).



opponent’s action

• Player’s action: 𝑎� ∼ 𝜋 ⋅ 	 |	𝑠�; 𝛉 .
• Opponent’s action: 𝑎�� ∼ 𝜋 ⋅ 	 |	𝑠�� ; 𝛉 .
• Receive reward 𝑟R at the end.
• Win: 𝑟R = +1.
• Lose: 𝑟R = −1.

𝑠8

𝑎8

Step 3: Evaluation

𝑠8r0

⋮

𝑠R

𝑎8r0

𝑠8rQ Fast
Rollout

player’s action

opponent’s action

player’s action

Run a rollout to the end of the game (step 𝑇).



• Player’s action: 𝑎� ∼ 𝜋 ⋅ 	 |	𝑠�; 𝛉 .
• Opponent’s action: 𝑎�� ∼ 𝜋 ⋅ 	 |	𝑠�� ; 𝛉 .
• Receive reward 𝑟R at the end.
• Win: 𝑟R = +1.
• Lose: 𝑟R = −1.

𝑠8

𝑎8

Step 3: Evaluation

𝑠8r0

Run a rollout to the end of the game (step 𝑇).

• 𝑣 𝑠8r0;𝐰 : output of the value network.

Evaluate the state 𝑠8r0.
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𝑠8

𝑎8

Step 3: Evaluation

𝑠8r0

Record 𝑉 𝑠8r0 .

• Player’s action: 𝑎� ∼ 𝜋 ⋅ 	 |	𝑠�; 𝛉 .
• Opponent’s action: 𝑎�� ∼ 𝜋 ⋅ 	 |	𝑠�� ; 𝛉 .
• Receive reward 𝑟R at the end.
• Win: 𝑟R = +1.
• Lose: 𝑟R = −1.

Run a rollout to the end of the game (step 𝑇).

𝑉 𝑠8r0 = 0
Q
𝑣 𝑠8r0;𝐰 + 0

Q
𝑟R. Evaluate the state 𝑠8r0.

• 𝑣 𝑠8r0;𝐰 : output of the value network.



𝑠8

𝑎8

Step 4: Backup

Records:
• 𝑉0

0 ,
• 𝑉Q

0 ,
• 𝑉<

0 ,
• 𝑉�

0 ,
• ⋮

Records:
• 𝑉0

Q ,
• 𝑉Q

Q ,
• 𝑉<

Q ,
• 𝑉�

Q ,
• ⋮

• MCTS	repeats	such a	simulation many times.
• Each child of 𝑎8 has multiple recorded 𝑉 𝑠8r0 .



𝑠8

𝑎8

Step 4: Backup

Records:
• 𝑉0

0 ,
• 𝑉Q

0 ,
• 𝑉<

0 ,
• 𝑉�

0 ,
• ⋮

Records:
• 𝑉0

Q ,
• 𝑉Q

Q ,
• 𝑉<

Q ,
• 𝑉�

Q ,
• ⋮

• MCTS	repeats	such a	simulation many times.
• Each child of 𝑎8 has multiple recorded 𝑉 𝑠8r0 .
• Update action-value:

𝑄 𝑎8 = mean the	recorded	𝑉�𝑠 .
• The	𝑄 values	will	be	used	in	Step	1	(selection).



Step 4: Backup

• MCTS	repeats	such a	simulation many times.
• Each child of 𝑎8 has multiple recorded 𝑉 𝑠8r0 .
• Update action-value:

𝑄 𝑎8 = mean the	recorded	𝑉�𝑠 .
• The	𝑄 values	will	be	used	in	Step	1	(selection).

𝑠8

𝑄 𝑎 0
𝑄 𝑎 Q

𝑄 𝑎 <



𝑠8

𝑄 𝑎 0
𝑄 𝑎 Q

𝑄 𝑎 <

Revisit Step 1 Selection

First, for all the valid actions 𝑎, calculate the score:
score 𝑎 = 𝑄 𝑎 + 𝜂 ⋅ ^ `	|	ca;𝛉

0r� `
.

Second, the action with the biggest score 𝑎 is selected.



𝑠8 Decision Making after MCTS

• 𝑁 𝑎 :	How many times 𝑎 has been selected so far.

• After	MCTS,	the	player	makes	actual decision:
𝑎8 = argmax

`
𝑁 𝑎

𝑁 𝑎 0
𝑁 𝑎 Q

𝑁 𝑎 <



• MCTS has 4 steps: selection, expansion, evaluation, and backup.

• To perform one action, AlphaGo repeats the 4 steps for many
times to calculate 𝑄 𝑎 and 𝑁 𝑎 (for every action 𝑎.)

• AlphaGo executes the action 𝑎 with the highest 𝑁 𝑎 value.

• To perform the next action, AlphaGo do MCTS all over again.
(Initialize 𝑄 𝑎 and 𝑁 𝑎 to zeros.)

MCTS: Summary
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Summary



1. Train a policy network using behavior cloning.
2. Train the policy network using policy gradient algorithm.
3. Train a value network.

Training and Execution

Training in 3 steps:
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1. Train a policy network using behavior cloning.
2. Train the policy network using policy gradient algorithm.
3. Train a value network.

Training and Execution

Training in 3 steps:

• Select the “best” action by Monte Carlo Tree Search.
• To perform one action, AlphaGo repeats simulations many
times.

Execution (actually play Go games):
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AlphaGo Zero



• AlphaGo Zero	is	stronger	than	AlphaGo.	(100-0	against	AlphaGo.)
• Differences:
• AlphaGo Zero	does	not	use	human	experience.	(No	behavior	cloning.)

• MCTS	is	used	to	train	the	policy	network.

AlphaGo Zero v.s. AlphaGo



• AlphaGo Zero	does	not	use	human	experience.	(No	behavior	cloning.)
• For the Go game, human experience is harmful.

• In general, is behavior cloning useless?
• What if a surgery robot (randomly initialized) is learned purely by
performing surgery? (Human experience is not used.)

Is behavior cloning useless?



1. Observe state 𝑠8.
2. Predictions made by policy network:

𝐩 = 𝜋 𝑎 = 1 𝑠8; 𝛉 ,⋯ , 𝜋 𝑎 = 361 𝑠8; 𝛉 ∈ ℝ<=0.

Training of policy network

AlphaGo Zero uses MCTS in training. (AlphaGo does not.)



1. Observe state 𝑠8.
2. Predictions made by policy network:

𝐩 = 𝜋 𝑎 = 1 𝑠8; 𝛉 ,⋯ , 𝜋 𝑎 = 361 𝑠8; 𝛉 ∈ ℝ<=0.
3. Predictions made by MCTS:

𝐧 = normalize 𝑁 𝑎 = 1 ,𝑁 𝑎 = 2 ,⋯ ,𝑁 𝑎 = 361 ∈ ℝ<=0.
4. Loss: 𝐿 = CrossEntropy 𝐧, 𝐩 .

5. Use Z	w
Z	𝛉

to update 𝛉.

Training of policy network

AlphaGo Zero uses MCTS in training. (AlphaGo does not.)
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• AlphaGo:
• Silver	and	others:	Mastering	the	game	of	Go	with	deep	neural	networks	and	
tree	search. Nature,	2016.

• AlphaGo Zero:
• Silver	and	others:	Mastering	the	game	of	Go	without	human	knowledge.	
Nature,	2017.
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