ALL SYSTEMS GO

David Silver et al. from Google DeepMind

Mastering the game of Go with deep
neural networks and tree search

Article overview by Reinforcement Learning Seminar ﬁb
llya Kuzovkin University of Tartu, 2016 %, é5s
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Softmax

1 convolutional layer 1x1
RelLU

11 convolutional layers 3x3
with k=192 filters, RelLU

1 convolutional layer 5x5
with k=192 filters, RelLU

19 x 19 x 48 input



o 29.4M positions from _@@8 | games
between 6 to 9 dan players
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o 29.4M positions from _@@8 | games
between 6 to 9 dan players

o <~m  Ologp,(a¥s¥)
Ao = m Zk:l ga

Softmax

stochastic gradient ascent

1 convolutional layer 1x1 learning rate o = 0.003,
RelLU halved every 80M steps

11 convolutional layers 3x3
with k=192 filters, RelLU

batch size m= 16

1 convolutional layer 5x5 3 weeks on 50 GPUs to make
with k=192 filters, ReLU 340M steps

19 x 19 x 48 input




29.4M positions from _@@8 | games
between 6 to 9 dan players
 Augmented: 8 reflections/rotations
e Jest set (1M) accuracy: 57.0%

3 ms to select an action

o m Ologp (ak|sk)
AU —_ ; Zk=1 Z

do
Softmax « stochastic gradient ascent
1 convolutional layer 1x1 e |earning rate @ = 0.003,
RelLU halved every 80M steps

11 convolutional layers 3x3
with k=192 filters, RelLU

1 convolutional layer 5x5 « 3 weeks on 50 GPUs to make
with k=192 filters, ReLU 340M steps

 patch size m= 16

19 x 19 x 48 input



19 x 19 x 48 INPUT

Feature # of planes  Description

Stone colour 3 Player stone / opponent stone / empty

Ones 1 A constant plane filled with 1

Turns since 8 How many turns since a move was played

Liberties 8 Number of liberties (empty adjacent points)

Capture size 8 How many opponent stones would be captured

Self-atari size 8 How many of own stones would be captured

Liberties after move 8 Number of liberties after this move 1s played

Ladder capture 1  Whether a move at this point is a successful ladder capture
Ladder escape 1  Whether a move at this point 1s a successful ladder escape
Sensibleness 1 Whether a move 1s legal and does not fill its own eyes
Zeros 1 A constant plane filled with 0

Player color 1 Whether current player is black
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19 x 19 x 48 INPUT

Feature # of planes

Description

Stone colour
Ones

Turns since
Liberties
Capture size
Self-atari size
Liberties after move
Ladder capture
Ladder escape
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Zeros
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Player stone / opponent stone / empty

A constant plane filled with 1

How many turns since a move was played
Number of liberties (empty adjacent points)
How many opponent stones would be captured

How many of own stones would be captured
Number of liberties after this move is played
Whether a move at this point is a successful ladder capture
Whether a move at this point is a successful ladder escape
Whether a move 1s legal and does not fill its own eyes

A constant plane filled with 0

[u—

Player color

N

.

X

N

$eipl

'

Whether current player is black




19 x 19 x 48 INPUT

Feature # of planes  Description

Stone colour 3 Player stone / opponent stone / empty

Ones 1 A constant plane filled with 1

Turns since 8 How many turns since a move was played

Liberties 8 Number of liberties (empty adjacent points)

Capture size 8 How many opponent stones would be captured

Self-atari size 8 How many of own stones would be captured

Liberties after move 8 Number of liberties after this move 1s played

Ladder capture 1  Whether a move at this point is a successful ladder capture
Ladder escape 1  Whether a move at this point 1s a successful ladder escape
Sensibleness 1 Whether a move 1s legal and does not fill its own eyes
Zeros 1 A constant plane filled with 0

Player color 1 Whether current player is black

N

.

:

N

$gl08

'




19 x 19 x 48 INPUT
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e Supervised — same data as p,(als)
 Less accurate: 24.2% (vs. 57.0%)

e Faster: 2us per action (1500 times)

e Just a linear model with softmax



e Supervised — same data as p,(als)
 Less accurate: 24.2% (vs. 57.0%)

e Faster: 2us per action (1500 times)

e Just a linear model with softmax

Feature # of patterns  Description

Response I  Whether move matches one or more response pattern features
Save atari I  Move saves stone(s) from capture

Neighbour 8 Move is 8-connected to previous move

Nakade 8192 Move matches a nakade pattern at captured stone

Response pattern 32207 Move matches 12-point diamond pattern near previous move
Non-response pattern 69338 Move matches 3 x 3 pattern around move




e Supervised — same data as p,(als)
 Less accurate: 24.2% (vs. 57.0%)

e Faster: 2us per action (1500 times)

e Just a linear model with softmax

Feature # of patterns  Description

Response I  Whether move matches one or more response pattern features
Save atari 1  Move saves stone(s) from capture

Neighbour 8 Move is 8-connected to previous move

Nakade 8192 Move matches a nakade pattern at captured stone

Response pattern 32207 Move matches 12-point diamond pattern near previous move
Non-response pattern 69338 Move matches 3 x 3 pattern around move

Self-atari 1  Move allows stones to be captured

Last move distance 34  Manhattan distance to previous two moves

Non-response pattern 32207 Move matches 12-point diamond pattern centred around move




e Supervised — same data as p,(a|s) * “similar to the rollout policy but
 Less accurate: 24.2% (vs. 57.0%) with more features”

e Faster: 2us per action (1500 times)

e Just a linear model with softmax

Feature # of patterns  Description

Response I  Whether move matches one or more response pattern features
Save atari 1  Move saves stone(s) from capture

Neighbour 8 Move is 8-connected to previous move

Nakade 8192 Move matches a nakade pattern at captured stone

Response pattern 32207 Move matches 12-point diamond pattern near previous move
Non-response pattern 69338 Move matches 3 x 3 pattern around move

Self-atari 1  Move allows stones to be captured

Last move distance 34  Manhattan distance to previous two moves

Non-response pattern 32207 Move matches 12-point diamond pattern centred around move

...............
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o Self-play: current network vs.
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o Self-play: current network vs.
randomized pool of previous versions

i logp,(alsy) -
Ap= 2 YL oy — (2= v(s}))

« Play a game until the end, get the reward z; = +7(sp) = +1
o Set Zz = Z¢ and play the same game again, this time
updating the network parameters at each time step ¢

Same architecture
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o Self-play: current network vs.
randomized pool of previous versions

o 1 T s ' '
A[): - 5:,'_15]—1 Op (Z:.‘ o v(slt))

« Play a game until the end, get the reward z; = +7(sp) = +1
e Set Zz = Z¢ and play the same game again, this time
updating the network parameters at each time step t
(]
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o Self-play: current network vs.
randomized pool of previous versions

« Play a game until the end, get the reward z; = +7(sp) = +1
e Set Zz = Z¢ and play the same game again, this time
updating the network parameters at each time step t
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» 0 “on the first pass through the training pipeéeline’

> UH(SD “on the second pass”
e patch size n =128 games
* 10,000 batches
* One day on 50 GPUs



Same architecture
Weights p are initialized with o

o Self-play: current network vs.

randomized pool of previous versions

* 80% wins against Supervised Network
 85% wins against Pachi (no search yet!)
« 3 ms to select an action

Y n Ti d logpp(aﬂsi) ' ‘
Ap = " 2im12at=1 o (z; —v(s;))

» Play a game until the end, get the reward z; = +r(sp) = £1
¢ Set Z,;L = Z¢ and play the same game again, this time
updating the network parameters at each time step t

e v(sy) = ...

» 0 “on the first pass through the training pipeéeline’

> Ue(Si) “on the second pass”
e batch size n =128 games
* 10,000 batches
 One day on 50 GPUs
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* Evaluate the value of the position s under policy p:
vP(s) =Elzs;=s, a;. r~p]
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P Fully connected layer
1 tanh unit

Fully connected layer
256 RelLU units

1 convolutional layer 1x1
RelLU

11 convolutional layers 3x3
with k=192 filters, RelLU

1 convolutional layer 5x5
with k=192 filters, RelLU

19 x 19 x 49 input




* Evaluate the value of the position s under policy p:
vP(s) =Elzs;=s, a;. r~p]
« Double approximation vy(s) =~ v (s) ~ v*(s)

k
Qo m ovyl(s
AG= LT (2k — vy(sk)) 22
vy (') m 00
P Fully connected layer » Stochastic gradient descent to

1 tanh unit minimize MSE

Fully connected layer
256 RelLU units

1 convolutional layer 1x1
RelLU

11 convolutional layers 3x3
with k=192 filters, RelLU

1 convolutional layer 5x5
with k=192 filters, RelLU

19 x 19 x 49 input




* Evaluate the value of the position s under policy p:
vP(s) =Elz/s,=s, a;_1~p]
« Double approximation vy(s) &~ v (s) =~ v*(s)

O ~—m Ovg(sk
vy (8) m
< Fully connected layer * Stochastic gradient descent to
1 tanh unit minimize MSE
* T[rain on 30M state-outcome
Fully connected layer pairs (S, z), each from a unique
256 ReLU units game generated by self-play:

1 convolutional layer 1x1
RelLU

11 convolutional layers 3x3
with k=192 filters, RelLU

1 convolutional layer 5x5
with k=192 filters, RelLU

19 x 19 x 49 input




* Evaluate the value of the position s under policy p:
vP(s) =Elzs;=s, a;_1~p]
« Double approximation vy(s) &~ v (s) =~ v*(s)

O ~—m Ovg(sk
Af = E (2K — vy(sk)) 22
v, () m
< Fully connected layer * Stochastic gradient descent to
1 tanh unit minimize MSE
* T[rain on 30M state-outcome
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RelLU

SL policy
11 convolutional layers 3x3 » make random move u
with k=192 filters, RelLU » sample t=u+1...T from RL
. policy and get game
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* Evaluate the value of the position s under policy p:
vP(s)=E[z/s;=s, ar...r~p]

« Double approximation vy(s) &~ v (s) =~ v*(s)

« MGSE on the test set: 0.234

 (Close to MC estimation from RL policy; 15,000 faster

k
Af =2 (2 — vy(sk)) 7o

v, () 00
< Fully connected layer * Stochastic gradient descent to
1 tanh unit minimize MSE
* T[rain on 30M state-outcome
Fully connected layer pairs (S, z), each from a unique
256 ReLU units game generated by self-play:

» choose a random time step u

1 convolutional layer 1x1
» sample moves t=1...u-1 from

RelLU

° SL policy
@ 11 convolutional layers 3x3 » make random move u
o with k=192 filters, RelLU » sample t=u+1...T from RL
. policy and get game
1 convolutlopal layer 5x5 outcome 7
with k=192 filters, RelLU y add (Sm Zu) oair to the
. training set
19 x 19 x 49 Input * One week on 50 GPUs to train

on 50M batches of size m=32




Rollout policy SL policy network RL policy network Value network

P, P, P, Ve

m Policy gradient

Human expert positions Self-play positions
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APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Selection Each node s has edges (s, a) for all legal
R actions and stores statistics:
; {P(s,a), Ny(s,a), Nys,a), Wy(s,a), W s,a), Q(s,a)}
i Prior Numbgr of Number of MC.vaIue Rollogt value Combingd
o evaluations rollouts estimate estimate mean action
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APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Selection Each node s has edges (s, a) for all legal
R actions and stores statistics:
; {P(s,a), N,(s,a), Nys,a), W,s,a), Wis,a), Q(s,a)}
i Prior Number of Number of MC value  Rollout value  Combined
- —_— evaluations rollouts estimate estimate ~ mean action
() + UlF) max Q + U(P) value
O e
-—;* ° Simulation starts at the root and stops at
| /' time L, when a leaf (unexplored state) is
Q + u(P) max O+ ul) found.

a;=argmax_ (Q(sy,a) + u(s;,a))

:ﬁ u(s,a) o P(s.a)
1+ N(s,a)




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Selection
A
$
ma\. Q+u(P

Each node s has edges (s, a) for all legal

actions and stores statistics:
{P(s,a), N,(s,a), Nys,a), W,s,a), Wis,a), Q(s,a)}

Prior Number of Number of MC value Rollout value Combined
evaluations rollouts estimate estimate mean action
value

Simulation starts at the root and stops at
time L, when a leaf (unexplored state) is

found. a; =argmax_ (Q(s;,a) + u(s,,a))

u(s,a) ox P(s.a)
1+ N(s,a)

Position st is added to evaluation queue.



APV-MCTS AsyNcHrRoNOUS PoLicy AND VALUE MCTS

Selection Each node s has edges (s, a) for all legal

R actions and stores statistics:
; {P(s,a), Ny(s,a), Ny(s,a), Wys,a), Wys,a), Q(s,a)}
i Prior Number of Number of MC value Rollout value Combined
evaluations rollouts estimate estimate mean action

Q + u(P) max Q + u(P) value
—ﬁ‘ $ Simulation starts at the root and stops at
| |

time L, when a leaf (unexplored state) is
Q + u(P) Knax L+ ulF) found.

) a; =argmax_ (Q(s;,a) + u(sp,a))
_ﬁ u(s,a) ox P(s.a)
B ’ 1+ N(s,a)

Position st is added to evaluation queue.

Bunch of nodes selected for evaluation...
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APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Evaluation

Node s is evaluated using U@(S) v(,((}g‘) E§

the value network to obtain




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Evaluation
"
:
O ——i’.’,’j&‘
I
Node s is evaluated using , (<>$‘) :%
the value network to obtain 00 (S) o\ -
|
' ' ' - p:r .
and using rollout simulation ¥

with policy pr till the end of 7= T(ST) f(%)

each simulated game to
get the final game score.




APV-MCTS AsyNcHrRoNOUS PoLicy AND VALUE MCTS

Node s is evaluated using
the value network to obtain

and using rollout simulation
with policy pr till the end of
each simulated game to
get the final game score.

Evaluation

e

Each leaf is evaluated, we are ready to propagate updates



APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Backup
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APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Backup Statistics along the paths of each
" simulation are updated during the
A backward pass though t < L
) I
A ( \ 1oe W, (1, ar) «— Wi (s, ar) +vo(sp)
L _f‘ o ? Wi(s, ar) «— Wisp, ar) + z;

:




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Backup Statistics along the paths of each

" simulation are updated during the
A backward pass though t < L
,; |

A Q \ 1He W, (si, ar) — W, (s, ar) +voy(sp)
6 _ﬁ‘ d ' W.(ss, ar) «— W,(s, a;) + z;

/' Q .
visits counts are updated as well

Nr(5t> at) — Nr(sta at) + 1
t N,(sp ap) < N, (s, a;) + 1
i

-
=




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Backup

:

i

Statistics along the paths of each
simulation are updated during the
backward pass though f< L
W, (s ar) «<— W (s, ar) + ve(st)
W, (s, ar) «— W, (sp, ar) + z;

visits counts are updated as well

Nr(sta at) — Nr(sb at) + 1
N,(sp ap) < N, (s, a;) + 1

Finally overall evaluation of each
visited state-action edge is updated

Wy (s, a)

Q(s,a)=(1—\) - A

N,(s,a) N,(s, a)




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Backup

AN

3%
g

Statistics along the paths of each
simulation are updated during the
backward pass though t < L
W (st ar) «<— W (si, ar) + vo(sL)
W, (s ar) «— W, (sp, ar) + 2

visits counts are updated as well

Nr(st» at) — Nr(st’ at) + 1
N,(s» ar) < N, (s a;) + 1

Finally overall evaluation of each
visited state-action edge is updated

Q(s,a) = (1= A) - A

Wy (s, a)
Ny(s,a)

Wi(s, a)
Ni(s, a)

Current tree is updated
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Expansion
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APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Expansion
O Once an edge (s, a) is visited enough ( Mthr )
; times it is included into the tree with s’
P/ N P
O Ny ¥
1 oo ®
P P




APV-MCTS AsYNCHRONOUS PoLICY AND VALUE MCTS

Expansion
O Once an edge (s, a) is visited enough ( Mthr )
; times it is included into the tree with s’
IU I /U
O 4@ S | | ,
oo ° It is initialized using the tree policy pr(als’) to
{N(s',a) =N,(s",a) =0, W(s', a) = W,(s', a) =0, P(s',a) = p(als')}

and updated with SL policy: P(s’,a) < p_(als’)




APV-MCTS AsyNcHrRoNOUS PoLicy AND VALUE MCTS

Expansion
A Once an edge (s, a) is visited enough ( Mthr )
? times it is included into the tree with s’
I
P P
A —
P9 ? It Is initialized using the tree policy pT(a|3') to
P P {N(s',a)=N,(s',a) =0, W(s', a) = W,(s', a) =0, P(s',a) = p(a|s’)}

and updated with SL policy: P(s’,a) < p_(a|s’)

Tree Is expanded, fully updated and ready for the next move!



a Value network b Tree evaluation from value net € Tree evaluation from rollouts
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AlphaGo

WINNING
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Ke Jie (18) 3621 13-4
> < Google AlphaGo (5) 3586 9-1
K4 Park Jungwhan (23) 3569 425-1s0
KX lyama Yuta (26) 3545 454-183

KA Lee Sedol (33) 3520 sor-374
Shi Yue (25) 3509 335-1%0
K3 Park Yeonghun (30) 3508 8- 303
KA Kim Jiseok (26) 3504 358 - 202
Mi Yuting (20) 3501 187-105
Zhou Ruiyang (25) 3498 399-251




