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Mastering the Game of Go with Deep Neural Networks and
Tree Search

David Silver'*, Aja Huang!*, Chris J. Maddison', Arthur Guez', Laurent Sifre’, George van den
Driessche’, Julian Schrittwieser!, Ioannis Antonoglou’, Veda Panneershelvam', Marc Lanctot?,
Sander Dieleman', Dominik Grewe!, John Nham?, Nal Kalchbrenner?, Ilya Sutskever?, Timothy
Lillicrap’, Madeleine Leach?, Koray Kavukcuoglu!, Thore Graepel', Demis Hassabis'.

1 Google DeepMind, 5 New Street Square, London EC4A 3TW.
? Google, 1600 Amphitheatre Parkway, Mountain View CA 94043.

*These authors contributed equally to this work.

Correspondence should be addressed to either David Silver (davidsilver@google.com) or Demis
Hassabis (demishassabis @google.com).

The game of Go has long been viewed as the most challenging of classic games for ar-
tificial intelligence due to its enormous search space and the difficulty of evaluating board
positions and moves. We introduce a new approach to computer Go that uses value networks
to evaluate board positions and policy networks to select moves. These deep neural networks
are trained by a novel combination of supervised learning from human expert games, and
reinforcement learning from games of self-play. Without any lookahead search, the neural
networks play Go at the level of state-of-the-art Monte-Carlo tree search programs that sim-
ulate thousands of random games of self-play. We also introduce a new search algorithm
that combines Monte-Carlo simulation with value and policy networks. Using this search al-
gorithm, our program AlphaGo achieved a 99.8% winning rate against other Go programs,
and defeated the European Go champion by 5 games to 0. This is the first time that a com-

puter program has defeated a human professional player in the full-sized game of Go, a feat

previously thought to be at least a decade away.

All games of perfect information have an optimal value function, ' (s), which determines
the outcome of the game, from every board position or state s, under perfect play by all players.

These games may be solved by recursively computing the optimal value function in a search tree

containing approximately b¢ possible sequences of moves, where b is the game's breadth (number

2016.1.28 “Mastering the game of Go with deep neural networks and tree search”
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Deep learning
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Machine learning
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Deep Learning: Why?

“I've worked all my Life tn
Machine Learning, and 've
never seen one algorithm Rnock
over benchmarks ke Peep
Learning”
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Torch (NYU,2002), Facebook Al, Google Deepmind

Theano (University of Montreal, ~2010), Z 5%k

Kersa, “Deep Learning library for Theano and TensorFlow”
Caffe (Berkeley), EIRHEM L, FiHE

TensorFlow (Google)

Spark MLLib
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python has a wide range of deep learning-related

libraries available

High level Lasagne
K Keras

. -

(theano-extension, models in python code,
theano not hidden)

(theano-wrapper, models in python code,
abstracts theano away)

(wrapper for theano, yaml, experiment-oriented)

(computer-vision oriented DL framework,
model-zoo, prototxt model definitions)
pythonification ongoing!

Low level h ea n O (efficient gpu-powered math)




THEANO

Z Bk 2%, Montreal University
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Welcome

Theano is a Python library that allows you to define, optimize, and evaluate mathematical expressions involving multi-dimensional arrays efficiently. Theano features:

+ tight integration with NumPy - Use numpy . ndarray in Theano-compiled functions.
transparent use of a GPU - Perform data-intensive calculations up to 140x faster than with CPU.(float32 only)
efficient symbolic differentiation - Theano does your derivatives for function with one or many inputs.
speed and stability optimizations - Get the right answer for log(1+x) even when x is really tiny.
dynamic C code generation - Evaluate expressions faster.
extensive unit-testing and self-verification - Detect and diagnose many types of errors.

Theano has been powering large-scale computaﬂcnally intensive scientific investigations since 2007. But it is also approachable enough to be used in the classroom
(University of Montreal’ classes).

News

« Theano 0.8 was released 21th March 2016. Everybody is encouraged to update.

+ Multi-GPU.

+ We added support for

+ We added support for cNMeM to speed up the GPU memory allocation.

+ Theano 0.7 was released 26th March 2015. Everybody is encouraged to update.

* We support cul if it is installed by the user.

* Open Machine Learmng Workshop 2014

+ Colin Raffel t

+ lan Goodfellow did a 12

* New technical report on Theano .
T . We included a few fixes discovered while doing the Tutorlal.
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| theano ;
2 theano tensor 7| Imports
E]
4 a = T.scalar() : : TP .
5 b = T.scalar() theano symbolic variable initialization
6
7y-a*b our model
B
9 multiply = theano.function(inputs=[a, bl, outputs=y) [ compiling to a python function
10

multiply(1, 2)
multiply(3, 3) usage

Y Y
wiry —
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1 theano .

2 theano tensor T Imports

3 numpy np

|

5 trX np.linspace(-1, 1, 101) . dat f

6 trY = 2 * trX + np.random.randn(*trX.shape) * 0.33 e

/

8 X = T.scalar() . . L

9 Y - T.scalar() symbolic variable initialization

10

11 def model(X, w): del

12 X * w | Our mode

3

14 w = theano.shared(np.asarray(0., dtype=theano.config.floatX)) | model parameter initialization
15 y = model(X, w)

16

17 cost = T.mean(T.sqr(y - Y)) metric to be optimized by model

18 gradient = T.grad(cost=cost, wrt=w) | |earning signal for parameter(s) R

;8 updates = [[w, w - gradient * 0.01]] | how to change parameter based on learning signal

21 train theano.function(inputs=[X, Y], outputs=cost, updates=updates, allow input downcast=True)
22 : compiling to a python function
23 1 range(100): ; ; ;

24 X,y zip(trX, try): | iterate through data 100 times and train model

25 train(x, y) on each example of input, output pairs

N
o
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1 theano .
2 theano tensor T Imports
3 numpy np
i}
5 trX np.linspace(-1, 1, 101) training dat f
6 trY = 2 * trX + np.random.randn(*trX.shape) 0.33 (IR
/
8 X = T.scalar() . . L
9 Y - T.scalar() symbolic variable initialization
10
11 def model(X, w): del
12 X * w | Our mode
3
14 w = theano.shared(np.asarray(0., dtype=theano.config.floatX)) | model parameter initialization
15 y = model(X, w)
16
17 cost = T.mean(T.sqr(y - Y)) metric to be optimized by model
18 gradient = T.grad(cost=cost, wrt=w) | |earning signal for parameter(s) R
;8 updates = [[w, w - gradient * 0.01]] | how to change parameter based on learning signal
21 train theano.function(inputs=[X, Y], outputs=cost, updates=updates, allow input downcast=True)
22 : compiling to a python function
23 1 range(100): ; ; ;
24 X,y zip(trX, try): | iterate through data 100 times and train model
5 train(x, y) on each example of input, output pairs
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Hardware | edit]

An early version of AlphaGo was tested on hardware with various numbers of CPUs and GPUs, running in asynchronous or distributed mode.
ratings are listed below.[®! In the matches with more time per move higher ratings are achieved.

Configuration and performance

Configuration . Search . No.of CPU _ | No. of GPU _ Elorating
" threads T T T

Singlel8] p-10-11 40 48 2,151
Single 40 48 2,738
Single 40 48 2,850
Single 40 48 2,890
Distributed 12 428 2,937
Distributed 24 3,079
Distributed 40 3,140
Distributed 64 3,168




AT AFZE GPU?

o CPU- 5L FITHIT, BUEFHITIZE
o GPU- EFFREMHETE, THFRIZE

Control
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e 4°NVIDIA GRID GPUs, 118 #& 1 1,536 CUDA cores 1A
M 4 GB of video

e 32 VvCPUs

e 60 GBNTE
e 240 GB (2 x 120) of SSD & fi

2. Choose Instance Type

Step 2: Choose an Instance Type

Amazon EG2 provides a wide selection of instance types optimized to fit different use cases. Instances are virtual servers that can run applications. They have varying combinations of CPU, memory, stor

for your applications. Learn more about instance types and how they can meet your computing needs.

Filter by: GPU instances v Current generation » Show/Hide Columns

Currently selected: g2.8xlarge (104 ECUs, 32 vCPUs, 2.6 GHz, Intel Xeon E5-2670, 60 GIB memaory, 2 x 120 GiB Storage Capacity)

Note: The vendor recommends using a g2.2xlarge instance (or larger) for the best experience with this product.

Family Type vCPUs (i Memory (GiB) Instance Storage (GB) i

15 1 x 60 (SSD)

g2.8xlarge 60 2 % 120 (SSD)




rEF I AIRE

Cancel and Exit

you can select one of your own AMIs.

Quick Start 1 to 21 of 21 Products
nvidia

My AMIs

Amazon Linux AMI with NVIDIA GRID GPU Driver -
AWS Marketplace
(11| 20 0 g

Community AMIs nVI DIA. $0.00/hr for software
A1) | Updated

¥ Categories The Amazon Linux AMI is a supported and maintained Linux image provided by Amazon Web Services for on Amazon Ela: Compute Cloud (Amazon EC2). It provides a

stable, .
All Categories

Product highlights:
Software Infrastructu )
AWS Integration - The Amazon Linux AMI includes packages and configurations that provide tight integration with Amazon Web Servi
Secure Configuration - The configuration of the Amazon Linux AMI enhances security by fo ] main security goals: limiting
vulnerabilities.

Business Software (9)

¥ Operating System Repository Acc The Amazon Lini Al is de online ! azon EC2 region.

e iite A . .

Clear Filter pute Cloud (Amazon EC2). It provides a

+* All Windows < E ap ion developers to run NVIDIA GeForce-optimized
Amazon Web Services provides ongoing se y and maintenance updates to all instances running Amazon Linux

Windows 2008 R2 (4) The Amazon Linux with NVIDIA GRID GPU Driver is provided at no additional charge to Amazon EC2 u For developers interesting in writing your own streaming

Windows 2012 (1) ap n, y n apply to get developel o the GRID SDK at http .com/grid-app-game-¢ ing . e not a developer and wish to stream
Windows 2012 R2 (2) we recommend using Te: er hitp: nw.teamviewer.com .

¥ All Linux/Unix X Al \ GRIL ct detail p n AWS B I

Amazon Linux (2)
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sudo yum updat

sudo yum install git python-nose gcc gcc-gfortran
gcc-c++ blas-devel lapack-devel atlas-devel
python34-devel python3.4 lapack64-devel python34-pip
python34-virtualenv

pip-3.4 install Theano numpy scipy nose keras pycuda

'Lobal definitions
fetc/bashrc ]; then
/etc/bashrc

LN
— O
,

=

h O
]

=]

]

+

# User specific aliases and functions
export PATH=/opt/nvidia/cuda/bin:$PATH
export LD_LIBRARY_PATH=/opt/nvidia/cuda/lib64
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Iﬁec?-user@ip—lﬁuﬂ—ﬂ-lSS ~1$ nvidia-smi

ed Apr 20 02:57:18 2016

O
| NVIDIA-SMI 340.32 Driver Version: 340.32

| Fmm————————————————————
| GPU Name Persistence-M| Bus-Id Disp.A
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage
| ===============================+======================
| ©®@ GRID K520 On | 00P0:00:03.0 off
| N/A 33C P8 17W / 125W | 10MiB / 4095M1iB
R e
| 1 GRID K520 On | 00PO:00:04.0 off
| N/A 28C P8 17w / 125W | 10MiB / 4095MiB
T Fm e
| 2 GRID K520 On | 0000:00:05,0 off
| N/A 31C P8 18w / 125W | 10MiB / 4095MiB
e e e e e e e e Fmm e —————————
| 3 GRID K520 On | 00P0:00:06.0 off
| N/A 270 P8 17w / 125W | 10MiB / 4095MiB
i e

______________________ +
Volatile Uncorr. ECC |
GPU-Util Compute M. |

i e S e

N/A |

0% Default |
______________________ +
N/A |

0% Default |
HHHHHHHHHHHHHHHHHHHHHH +
N/A |

0% Default |
______________________ +
N/A |

0% Default |
______________________ +
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~/.theanorc

[global]
floatX=float32
device=gpu
[mode ]=FAST_RUN

[nvece]
fastmath=True

[cuda]
root=/opt/nvidia/cuda
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FEZE— 1 Theano 2%

theano function, config, shared, sandbox
theano. tensor T
numpy
Time
vien = * *
1ters =
rng = numpy.random.RandomState(
x = shared(numpy.asarray(rng.rand(vlen), config.floatX))
f = function([], T.exp(x))
(f.maker.fgraph.toposort())
t0 = time.time()
L (iters):
r = f()
tl = time.time()
( (iters, tl t@))
( % (r,))
numpy . ([ (x.op, T.Elemwise) f.maker.fgraph.toposort()]):
( )
( )
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FEZE— 1 Theano 2%

theano function, config, shared, sandbox
theano. tensor T
numpy
Time
vien = * *
1ters =
rng = numpy.random.RandomState(
x = shared(numpy.asarray(rng.rand(vlen), config.floatX))
f = function([], T.exp(x))
(f.maker.fgraph.toposort())
t0 = time.time()
L (iters):
r = f()
tl = time.time()
( (iters, tl t@))
( % (r,))
numpy . ([ (x.op, T.Elemwise) f.maker.fgraph.toposort()]):
( )
( )
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GPU vs. CPU

(Theano) [ec2-user@ip-10-0-0-185 ~]$ THEANO_FLAGS=mode=FAST_RUN,device=gpu, floatX

=float32 python3.4 gpu_test.py

Using gpu device 0: GRID K520 (CNMeM 1is disabled, CuDNN not available)

[GpuElemwise{exp,no_inplace} (<CudaNdarrayType(float32, vector)>), HostFromGpu(Gp

uElemwise{exp,no_inplace}.0)]

|l ooping 1000 times took 0.784566 seconds

Result +is [ 1.23178029 1.61879349 1,52278066 ..., 2.20771813 2.29967761
1.62323296]

Used the gpu

(Theano) [ec2-user@ip-10-0-0-185 ~]$ THEANO_FLAGS=mode=FAST_RUN,device=cpu, floatX

=float32 python3.4 gpu_test.py

[Elemwise{exp,no_inplacel} (<TensorType(float32, vector)>)]

Looping 1000 times took 2.953590 seconds

Result +is [ 1.23178029 1.61879337 1.52278066 ..., 2.20771813 2.29967761
1.62323284]

Used the cpu
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Announcing TensorFlow 0.8 — now with distributed

computing support!
ril 1

Google us:
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is powered by the high-perf ce g library, wt
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enables you to train and
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Announcing TensorFlow 0.8 — now with distributed
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ril 1

Google us:
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THINK GREAT
THOUGHTS AND YOU
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