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Abstract—Recently, significant progress was made in
computer Go by deep learning. However, huge computer
resource is required for achieving professional player’s
skill at present, which seems over-engineering for feature
extraction on Go board. From this background, we discuss
how to construct an efficient feature extraction method on
Go board under deep learning framework. By making use
of knowledge on image recognition by deep learning, we
propose a method to reduce computational cost of board
feature extraction without degrading Go playing perfor-
mance.

1. Introduction

In artificial intelligence study, several famous board
games have been intensively investigated over years, be-
cause the conquest of them by artificial intelligence is
thought to be a milestone. Regarding chess or Shogi, com-
puter playing programs have already been able to compete
or beaten most proficient professional players.

Go is known as the most difficult board game for artifi-
cial intelligence, due to a huge number of possible combi-
nation of moves and the equivalence of each stone value
unlike chess or Shogi. Nevertheless, steady progress in
computer Go program has been made for decades. Monte
Carlo tree search[1, 2] is one of the important ideas for
the progress, which enables to find an appropriate next
move by pruning unnecessary branch of moves on the game
tree after self-random play by computer. Even with such
progress, the best computer Go program could not com-
pete with any professional Go player at all, at the stage of
several years ago.

In this year, quite significant breakthrough was made
by AlphaGo[3] by Google DeepMind. Their success was
achieved with deep learning. Incorporation of deep learn-
ing into Go programming has also been attempted formerly
by other groups[4, 5, 6] (a pioneering work with this strat-
egy is found in [7]), and in AlphaGo they also implemented
very deep neural network with a huge number of neurons
like other studies. Then their program finally beat a profes-
sional player. Furthermore, by self-reinforcement learning,
AlphaGo surprisingly won against the most outstanding Go
player in the world, which means that the technology of
the best computer Go program at last surpasses the human
player strategy.

However, in AlphaGo, there remains computational cost

problem. In AlphaGo they used deep convolutional neu-
ral network (DCNN), in which there are about millions of
neurons on layers and kernels between layers. For the op-
eration of their DCNN, thousands of CPUs and hundreds
of GPUs are required in the whole hardware, which cannot
be prepared in personal use. In DeepMind’s project, their
final objective of deep neural network study is the realiza-
tion of artificial intelligence for general purpose use, and
their hardware specification may be over-engineering for
computer Go.

In this article, we revisit the structure of deep neural net-
work in computer Go, and discuss how to simplify it with-
out degrading Go playing performance. As stated, DCNN
is implemented in AlphaGo program, which is in general
used mainly in image recognition. This fact suggests that
the ”picture” of black/white stone pattern plays an impor-
tant role for human’s decision of next move. In image
recognition with DCNN, various ideas are proposed for re-
duction of computational cost. DropConnect[8] is one of
such ideas, where a fraction of edges are disconnected. Ac-
cordingly, it enables us to reduce the computational cost in
learning and to avoid overfitting problem. We apply Drop-
Connect to computer Go program, and discuss how it af-
fects Go playing performance by the experiment of next
move prediction. If DropConnect does not highly degrade
the performance of next move prediction, we will be able
to reduce the computational cost of DCNN without paying
high price. As a consequence, we expect to obtain a key to
the method of efficient board feature extraction by DCNN.

2. Model

DCNN is one of multi-layered neural networks, which is
mainly used for image recognition. DCNN consists of mul-
tiple convolutional/pooling layers, which are alternately
layered. Kernel filters are defined on edges between layers.
By the operation of convolution as in Figure 1, the system
naturally handles overlapped information, which enables
us to cope with defect or displacement in original image
appropriately and leads to more successful image recogni-
tion.

DCNN is also used for board feature extraction on Go
board. In computer Go, basic input information is stone
pattern on board, and additional set of tactical board in-
formation is also often taken as input. The objective of
board feature extraction is the correct next move predic-
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Figure 1: An example of convolutional operation between
layers by kernel filters: In this example, the size of input
information is 8× 8. The size of kernel filter is 3× 3. By
operation of convolution, output information on the next
layer is 6× 6.

tion, where ”correct” indicates professional player’s move.
In DCNN in computer Go, the dimension of input infor-
mation for single input channel is usually the same as the
board size, i.e. 19× 19 for standard 19× 19 board. In gen-
eral we prepare multiple input channels, and input different
information into each channel: for example black or white
stone pattern, information of connected strings(=”ren”), in-
formation of ”liberty”(= vacancy adjacent to a point or con-
nected string), information of player’s skill and so on.

In AlphaGo, they use DCNN with 13 layers and 3× 107

board pattern data for training. In their move prediction
experiment, the accuracy of move prediction improves as
the number of filters(=edges) increases. However, in actual
Go game it is reported that neural network with less filters
gives higher game winning rate. This is due to the com-
putational cost: For larger neural network, the evaluation
of next move prediction is more time-consuming, which is
the problem in actual Go game with limited playing time.
Then we reduce the computational cost by simplifying the
network not to highly worsen the move prediction perfor-
mance.

3. Method

3.1. Architecture of DCNN in our experiment

Even if we simplify the structure of neural network,
training of DCNN requires much time for standard 19× 19
board. Therefore, in this work we restrict ourselves to the
case on small 9× 9 board.

The network structure in our framework is shown in Fig-
ure 2. For a single channel input, we prepare 11× 11 size
image for 9× 9 go board including boundary of width one.
We prepare 3 input channels totally; for black stone pattern,
white stone pattern, and the information of board boundary.
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Figure 2: Our DCNN architecture: We show 4-layer
DCNN. We input 3 channels with 11× 11 size including
boundary; black/white stone pattern and board boundary.
The size of neuron gradually decreases as 9×9 (1st)→ 7×7
(2nd)→ 5 × 5 (3rd)→ 3 × 3 (4th) by the operation of
convolution. The network between final intermediate layer
and output layer is fully connected network of 1× 1 size
neurons. The output layer has 81 neurons for next move
prediction on 9× 9 board.

Then we propagate input information to the neuron on the
next layer by the operation of kernel filter and activation
function. We use DCNN with 2 or 4 intermediate layers,
where all layers are convolutional layers. We do not use
pooling layer for feature extraction, as pooling layer is not
included in DCNN in preceding works of computer Go. On
each intermediate layer 16 neurons are located. We always
use 3× 3 size kernel filter. Accordingly, on final interme-
diate layer we put 16 neurons with 7× 7 size for 2-layer
DCNN, and with 3× 3 size for 4-layer DCNN. Finally, for
propagation to output layer we divide these neurons into
pieces of 1×1 size, and make fully-connected network with
output layer. Output layer consists of 81(=9 × 9) neurons
of 1 × 1 size, which describes the position on board. The
neuron with the largest value is taken as the result of next
move prediction.

3.2. Learning algorithm

As stated, our objective is next move prediction, and we
expect DCNN to output as precise next move position as
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possible by training.
We follow the scheme of standard supervised learning

on multi-layer neural networks. We prepare stone pattern
on board in actual game as input, and corresponding next
move as output. For training we must determine a loss
function to minimize, and we choose mean squared error
as the loss functionE,

E :=
∑

n

En =
∑

n

∑
k

1
2

(ynk − tnk)
2

 . (1)

In the above definition subscriptn represents the label of
training data, andk the label of output neuron.ynk is the
output signal from DCNN andtnk is the correct signal of
training data, which indicates the correct next move.En is
the loss function for data with labeln. As the activation
functionh(x) for forward propagation, we use rectified lin-
ear function,

h(x) := max{0, x}. (2)

After having outputynk by forward propagation, we change
values of kernel filter entries by standard back propagation
algorithm for minimization ofE. Here we apply stochas-
tic gradient descent method with Hadamard product (Ada-
Grad) for back propagation.

g(t+1)
i j = g(t)

i j +

(
En

∂Wi j

)2

,

W(t+1)
i j =W(t)

i j −
α√
g(t+1)

i j

En

∂Wi j
. (3)

W(t)
i j is the weight of kernel filter between neuroni on an

intermediate layer and neuronj on the next layer attth it-
eration. Note thatW(t)

i j is the matrix(=kernel filter) and the

subscript of matrix element is omitted.g(t)
i j is an auxiliary

variable attth step for computation ofW(t)
i j . α is learning

rate andα = 5× 10−3 in our experiment.
In equation (3), we must calculate the derivative

∂En/∂Wi j analytically, asEn is expressed as a function of
Wi j . This can be done by standard back-propagation for-
mulation.

3.3. DropConnect

DropConnect[8] is a method of training by regularizing
neural network with a huge number of edges. In DropCon-
nect, we randomly select a fraction of edges and set them
zero, namely we disconnect them. By DropConnect, reduc-
tion of overfitting is expected in general, when we remove
an appropriate fraction of edges. As a result, we can reduce
the computational cost of forward/backward propagation.

Our key idea of this work is; we apply this method to
move prediction in Go to reduce computational cost and to
avoid overfitting.
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Figure 3: Dependence of next move prediction accuracy on
the ratio of disconnection.

4. Experiment

4.1. Programming environment and dataset

For programming of DCNN we use tiny-cnn[9], which
is a C++ library for deep learning. As training/test dataset
for next move prediction experiment on 9×9 board, we use
”Igo Quest”[10] dataset by 50 best rating players among
all. We assign 7500 games (including 362508 board pat-
terns) to the training data, and 116 games (including 51616
patterns) to the test data for evaluation of next move pre-
diction accuracy.

4.2. Move prediction accuracy (1): dependence on
DropConnect and intermediate layer depth

We evaluate next move prediction accuracy under Drop-
Connect by numerical experiment. In DropConnect, we
remove a fraction of edges between 1st and 2nd interme-
diate layers (totally 16× 16 = 256 edges), or equivalently
kernel filters on corresponding edges are set to be null ma-
trix. We vary the ratio of disconnection from 0 to 0.9 by 0.1
step. We also vary intermediate layer depth: DCNNs with
2 and 4 intermediate layers are used. Before evaluation of
accuracy, we train DCNN with 30 training iterations.

The result is shown in Figure 3. First, the accuracy is
almost constant with respect to the ratio of disconnection,
and does not show clear fall-off both for 2- and 4-layer DC-
NNs. Even if we disconnect 90% of edges, the accuracy is
almost the same as the fully-connected case. This indicates
that the edges in the original fully-connected DCNN is re-
dundant for 9× 9 board feature extraction, many of which
can be removed without degrading move prediction accu-
racy.

As for intermediate layer depth, the accuracy by 2-layer
DCNN slightly surpasses 4-layer DCNN. This suggests
that training by 4-layer DCNN may lead to slight over-
fitting, and yield poorer performance than 2-layer DCNN.
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Figure 4: Dependence of next move prediction accuracy on
the duration of training.

Therefore, under our experimental setup, we conclude that
2-layer DCNN is sufficient for next move prediction.

However, we should note that the value of accuracy by
our experiment is much smaller than by AlphaGo. For next
move prediction, AlphaGo yields accuracy of 0.57 for stan-
dard 19× 19 board. Hence, we should keep in mind that
DropConnect may worsen move prediction performance
under different experimental setup, for example higher ac-
curacy case.

4.3. Move prediction accuracy (2): dependence on
training duration

We also study the dependence of accuracy on training
duration under 2- and 4-layer DCNNs. The result is de-
picted in Figure 4, which shows the accuracy by 2-layer
DCNN increases more rapidly and saturates earlier than 4-
layer DCNN. From this result, we conclude that 2-layer
DCNN is more suitable than 4-layer DCNN for fast train-
ing, which also helps the reduction of huge training time
for DCNN.

We also vary the ratio of disconnection in this experi-
ment, which do not affect the speed of training as a conse-
quence.

5. Summary and Discussion

We discussed how to reduce the computational cost for
training and move prediction by DCNN. Our result indi-
cates that we can reduce the number of intermediate layers
and edges(=kernel filters) without degrading performance
of next move prediction, which leads to the reduction of
computational cost.

As future works, we should verify how additional board
information inputs affect the result. Furthermore, we
should also study the dependence on learning algorithm:
Improvement of move prediction accuracy might be pos-

sible when we replace the loss function with more appro-
priate one, or change AdaGrad to another gradient descent
algorithm.

Experiment on standard 19× 19 board is of course
a remaining work. After having the result on standard
board, we will combine our method with Monte Carlo tree
search algorithm to verify playing performance in actual
Go games.
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