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Abstract

In deep learning, a Convolution Neural Network (CNN) is a class of deep neural net-

works, most commonly applied to analyzing visual imagery. The purpose of this study

is to create a convolution neural network which is higher accuracy than previous one.

Improvement of the accuracy is one of the most important elements for the applicability

to the real world. In this study, it learns by the existing game record data of shogi,

and implements the AI which moves the best way with Chainer. In addition, Residual

Network which is the method to enable CNN to become deep is implemented and it’s

compared and examined about the improvement of the accuracy. As a result, when the

number of layers were increased, the accuracy was found falling. But I succeed to plan

for improvement of the accuracy by Residual Network (ResNet) which used a residual.

One of the problem is that the training time becomes long. Reducing training time is

task to be solved.
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ୈ1ষ Introduction

஌ೳ޻ਓ͍͓ͯʹ׆୅ͷੜݱ (AI)͸੾Γ཭ͤͳ͍΋ͷͱͳ͓ͬͯΓɺࡏݱͰ΋ٸ଎ͳ

ൃలΛଓ͚͍ͯΔɻͦͷԠ༻ൣғ͸ɺࣗવޠݴॲཧ΍ը૾ೝࣝͳͲଟذʹΘͨΔɻͦͷ

தͰ΋ਂ૚ֶशͱݺ͹ΕΔ૚ͷਂ͍΋ͷ͸ෳࡶͳֶशΛ͑ߦΔҝɺۙ೥ಛʹ஫໨Λཋͼ

͍ͯΔɻ·ͨɺࣗಈӡసٕज़ͷ։ൃͳͲ໋ʹؔΘΔ৔໘Ͱ΋Ԡ༻͞ΕΔ͜ͱ͕ظ଴͞Ε

͍ͯΔɻͦͷҝʹχϡʔϥϧωοτϫʔΫͷֶशਫ਼౓Λ͘͢ߴΔͱ͍͏͜ͱ͕ٻΊΒΕ

ΔɻຊڀݚͰ͸ɺকعͱݺ͹ΕΔήʔϜͷطଘͷعේσʔλʹΑֶͬͯशΛ͍ߦɺ࠷ળख

ΛଧͭAIΛ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ (CNN)ΛChainerΛ༻͍࣮ͯ૷͢Δɻ͜

ͷͱ͖CNNʹ͓͚Δ૚਺΍ϑΟϧλ਺ʹΑΔਫ਼౓ͷมԽʹ͍ͭͯڀݚΛ͏ߦɻ͞Βʹɺ

CNNͷਂ૚ԽΛՄೳʹ͢Δख๏Ͱ͋Δ Residual NetworkΛ࣮૷͠ɺਫ਼౓ͷ্޲ख๏ʹ

͍ͭͯൺֱݕ౼Λ͏ߦɻ

– 1 –



ୈ2ষ Neural Network

2.1 Neuron

χϡʔϩϯ (Neuron)ͱ͸ɺFigure 2.1 ʹࣔ͢Α͏ͳੜମͷਆܥܦΛߏ੒͢Δਆࡉܦ๔

Ͱ͋Δɻ͜Ε͸৘ใॲཧʹಛԽ͍ͯ͠Δͱ͍͏ಛ௃Λͭ࣋ɻχϡʔϩϯ͸ࡉ๔ମͱथঢ়

ಥىɺ࣠ࡧʹ෼͚Δ͜ͱ͕Ͱ͖Δɻࡉ๔ͷதԝ෦෼ʹ͋ͨΔͷ͕ࡉ๔ମͰ͋Γɺࡉ๔֩

͸͜ͷதʹ͋ΔɻλϯύΫ࣭ͳͲࡉ๔ͷ׆ಈʹඞཁͳ෺࣭͸ࡉ๔ମͷதͰ߹੒͞Εɺಛ

घͳ༌ૹߏػʹΑΓࡉ๔಺ͷ͢ΈͣΈ·ͰૹΒΕΔɻथঢ়ಥى͸ɺࡉ๔ମͷද໘͔Βಥ

͖ग़ͨଟ͘ͷࢬ෼͔ΕΛ΋ͬͨಥىΛ͏͍ͯ͠ࢦɻχϡʔϩϯ͸ਆࡉܦ๔΁ೖྗ͕ܹࢗ

ೖ͖ͬͯͨࡍɺ׆ಈిҐΛൃੜͤ͞ɺଞͷࡉ๔ʹ৘ใΛ఻ୡ͢Δಇ͖͕͋Δɻ͜ͷ׆ಈ

ిҐΛथঢ়ಥىͷड༰ମ͕ड͚औΔ͜ͱͰγφϓεͷܺؒͰԽֶ൓Ԡ͕͜ىΓɺ࣠ࡧʹ

Αͬͯಛఆͷχϡʔϩϯ΁ͷ׆ಈిҐೖྗ͕ྭى·ͨ͸཈੍͞ΕΔɻ

Figure 2.1 Neuron1)
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2.2 Neuron Model

೴ʹ͸͍ͭ͘΋ͷछྨͷχϡʔϩϯ͕ଘ͢ࡏΔ͜ͱ͕֬ೝ͞Ε͓ͯΓɺ୯७ͳൃՐ࡞

༻ͷΈΛͨͬ࣋΋ͷ͔ΒඇৗʹෳࡶͳൃՐ࡞༻Λͨͬ࣋΋ͷ·Ͱଘ͍ͯ͠ࡏΔɻ͔͠͠ɺ

ҰൠతͳχϡʔϥϧωοτϫʔΫʹ༻͍ΒΕΔχϡʔϩϯϞσϧ͸Figure 2.2ͷΑ͏ʹ୯

७Խ͞Εͨଟೖྗ 1ग़ྗͷ΋ͷͰ͋Δɻೖྗ xi ʹର͢Δ݁߹ՙॏΛ wi ͱ͢Δͱɺχϡʔ

ϩϯͷग़ྗ u ͸ࣜʢ2.1ʣͰද͞ΕΔɻ

u =
n∑

i=1

xiwi (2.1)

!
!
!

!
!

!
"

!
#

"
!

"
"

"
$

"
#

!
$

#

Figure 2.2 Neuron model
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2.3 Activation Function

Խؔ਺ੑ׆ (Activation Function)ͱ͸χϡʔϥϧωοτϫʔΫʹ͓͍ͯ࣍ͷ૚ʹ౉͢

஋Λ੔͑ΔΑ͏ͳ໾ׂΛͭ࣋ɻ͜ͷؔ਺͸ඇઢؔܗ਺ए͘͠͸߃౳ؔ਺Ͱ͋Δɻੑ׆Խ

ؔ਺ͱͯ͠༻͍ΒΕΔؔ਺͸༷ʑͰ͋ΔɻFigure 2.3͸ɺ֊ஈؔ਺ɺεςοϓؔ਺ʢStep

functionʣͱݺ͹ΕΔ΋ͷͰɺ͜ͷؔ਺Λ༻͍Ε͹χϡʔϩϯͷग़ྗΛ 0͔ 1Ͱද͢͜ͱ

͕Ͱ͖Δɻεςοϓؔ਺͸ɺࣜʢ2.2ʣͰද͞ΕΔɻ

f(x) =

⎧
⎨

⎩
1 (x > 0)

0 (x ≤ 0)
(2.2)

Figure 2.4͸ɺγάϞΠυؔ਺ʢSigmoid functionʣͱݺ͹ΕΔ΋ͷͰɺεςοϓؔ਺

ͱൺֱ͢Δͱೖྗʹରͯ͠࿈ଓతʹग़ྗ͕มԽ͢Δɻ͜ΕΛ༻͍Δ͜ͱʹΑΓɺχϡʔϩ

ϯͷग़ྗΛ࿈ଓతͳ࣮਺஋ͷ৴߸ͱͯ͠ද͢͜ͱ͕Ͱ͖ΔɻγάϞΠυؔ਺͸ɺࣜʢ2.3ʣ

Ͱද͞ΕΔɻ

f(x) =
1

1 + exp(−x)
(2.3)

ۙ೥Ͱ͸Figure 2.5ʹࣔ͢Α͏ͳReLUؔ਺ʢRectified Linear Unit functionʣͱݺ͹

ΕΔؔ਺͕Α͘༻͍ΒΕΔɻ͜ͷؔ਺͸ɺೖྗ͕ 0Λ௒͍͑ͯΕ͹ɺͦͷೖྗΛͦͷ·

·ग़ྗ͠ɺ0ҎԼͳΒ͹ 0Λग़ྗ͢ΔɻReLUؔ਺͸ɺࣜʢ2.4ʣͰද͞ΕΔɻ

f(x) =

⎧
⎨

⎩
x (x > 0)

0 (x ≤ 0)
(2.4)

͜ΕΒͷؔ਺͸Ұൠతʹɺೖྗσʔλ͔Βɺ࿈ଓతͳ਺஋ͷ༧ଌΛ͏ߦΑ͏ͳճؼ໰

୊Λղܾ͢Δࡍʹ༻͍ΒΕΔɻҰํɺσʔλ͕ͲͷΫϥεʹଐ͢Δ͔Λ൑அ͢ΔΑ͏ͳ

෼ྨ໰୊Λࡍ͏ߦʹ͸ɺFigure 2.6ͷΑ͏ͳιϑτϚοΫεؔ਺ (Softmax function)͕༻

͍ΒΕΔɻग़ྗ૚Λ n ߸ͱ͠ɺೖྗ৴ݸ ak ͔Β k ൪໨ͷग़ྗ yk ΛٻΊΔࣜΛࣜʢ2.5ʣ

ʹࣔ͢ɻ

– 4 –



yk =
exp(ak)
n∑

i=1

exp(ai)

(2.5)

Figure 2.3 Step function

Figure 2.4 Sigmoid function
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Figure 2.5 ReLU function

Figure 2.6 Softmax function
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ୈ3ষ Perceptron

ύʔηϓτϩϯ (Perceptron)͸ 1957೥ʹΞϝϦΧͷ৺ཧֶऀ Frank Rosenblatt͕ߟ

Ҋͨ͠χϡʔϥϧωοτϫʔΫͷҰछͰ͋Δɻγϯϓϧͳߏ଄Ͱ͋Γͳ͕ΒֶशྗΛ࣋

ͭͨΊɺ1960೥୅ʹരൃతͳϒʔϜͱͳͬͨɻ͔͠͠ɺ1969೥ʹΞϝϦΧͷਓ޻஌ೳֶ

ऀMarvin MinskyΒʹΑͬͯ୯૚ͷ΋ͷ͸ઢܗ෼཭Մೳͳ΋ͷֶ͔͠शͰ͖ͳ͍͜ͱ͕

ఠ͞ΕԼՐͱͳͬͨɻύʔηϓτϩϯ͸ࢦ ANDήʔτ΍ORήʔτͳͲͷ࿦ཧճ࿏Λ

ද͢͜ͱ͕Ͱ͖Δ͕ɺXORήʔτͳͲͷ࿦ཧճ࿏͸ද͢͜ͱ͕Ͱ͖ͳ͍ɻ͜ΕͷྫΛ

Figure 3.1ʹࣔ͢ɻͦͷޙɺ1980೥୅த൫ʹ Boltzmann machine΍ɺBackpropagation

ͳͲͷख๏͕։ൃ͞ΕͨͨΊɺ࠶ͼ஫໨ΛूΊͨɻ2)

3.1 Single-layer Perceptron

୯७ύʔηϓτϩϯ (Single-layer Perceptron)͸Figure 3.2ͷΑ͏ͳϢχοτͰߏ੒͞

ΕΔɻ·ͨɺ1ͭͷϢχοτ͸ɺ࣍ͷཁૉͰߏ੒͞ΕΔɻ

• ೖྗ x1, x2, ..., xn

• ͦΕͧΕͷೖྗʹରԠͨ͠ॏΈ w1, w2, ..., wn

• Խؔ਺ੑ׆ f

• 1ͭͷग़ྗ z

ೖྗ x1, x2, ... , xn ͸χϡʔϩϯʹ఻ୡ͞ΕΔ৴߸Λද͠ɺॏΈ w1, w2, ..., wn ͸

χϡʔϩϯͷ݁߹ͷڧ౓Λද͍ͯ͠ΔɻϢχοτ΁ͷೖྗ͸ɺࣜʢ3.1ʣͰද͞ΕΔɻ

u =
n∑

i=1

xiwi (3.1)

ग़ྗ z͸ࣜʢ3.2ʣͰද͞ΕΔɻ

z = f(u) (3.2)

ύʔηϓτϩϯͰ͸ੑ׆Խؔ਺ͱ͔ͯ͘͠ݹΒγάϞΠυؔ਺͕࢖ΘΕ͍ͯΔɻγά

ϞΠυؔ਺͸͖͍͠஋͕ 0.5ͱݻఆ͞Ε͍ͯΔͨΊɺ͖͍͠஋Λௐ੔͢ΔͨΊɺࣜʢ3.1ʣ

ʹ஋ b ΛՃ͑ɺࣜʢ3.3ʣͷΑ͏ʹม͢ܗΔɻ

u =
n∑

i=1

xiwi + b (3.3)
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Figure 3.1 Limit of perceptron
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Figure 3.2 Perceptron

͜ͷՃ͑ͨ஋ΛόΠΞεͱݺͼɺੑ׆Խؔ਺ͷ͖͍͠஋Λௐ੔͢Δ໾ׂΛͭ࣋ɻ
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3.2 Multi-layer Perceptron

ύʔηϓτϩϯͷϢχοτΛଟ૚ʹ࿈݁ͨ͠χϡʔϥϧωοτϫʔΫ͸ɺଟ૚ύʔη

ϓτϩϯ (Multi-layer Perceptron)ͱݺ͹ΕΔɻଟ૚ύʔηϓτϩϯͷೖྗͱग़ྗʹ౰ͨ

Δ૚ΛͦΕͧΕೖྗ૚ɺग़ྗ૚ͱݺͼɺͦΕҎ֎Λதؒ૚ͱݺͿɻೖྗ૚ɺதؒ૚ɺग़

ྗ૚ͷ 3૚͔ΒͳΔଟ૚ύʔηϓτϩϯ͸ Figure 3.3ͷΑ͏ʹͳΔɻ

!

!

"

"

"

"

"

"

#

#

#

$

$

$

#

# $

$

"

"

"

"

"

"

%

%

! " 1 ! " 2 ! " 3

Figure 3.3 Multi-layer perceptron

Ϣχοτͷ࿈݁͸ॏΈ w(l)
ji Λͪ࣋ɺఴࣈ͸ l− 1 ૚ͷ i ൪໨ͷϢχοτͱ l ૚ͷ j ൪

໨ͷϢχοτͷ࿈݁Ͱ͋Δ͜ͱΛࣔ͠ɺॏΈ͸χϡʔϩϯͷ݁߹ڧ౓Λද͢ɻl ૚ͷ j ൪

໨ͷϢχοτ΁ͷೖྗ͸ɺl − 1 ૚ͷϢχοτ͕ I Ͱ͋Δͱ͢Δͱࣜʢ3.4ʣͰද͞Εݸ

Δɻͨͩ͠ɺ֤Ϣχοτ͸όΠΞε b(l)i Λͭ࣋ͱ͢Δɻ

u(l)
j =

I∑

i=1

w(l)
ji z

(l−1)
i + b(l)j (3.4)

ॏΈ w(l)
ji ΍όΠΞε b(l)i ͷ͜ͱΛχϡʔϥϧωοτϫʔΫͷύϥϝʔλͱ͍͏ɻl ૚

ͷ j ൪໨ͷϢχοτͷग़ྗ z(l)j ͸ɺੑ׆Խؔ਺Λ f ͱ͢Δͱɺࣜʢ3.5ʣͰද͞ΕΔɻ

– 9 –



z(l)j = f(u(l)
j ) (3.5)

ೖྗ૚͸ɺೖྗ஋ xj ͕ͦͷ··ग़ྗ z(1)j ͱͳΔͨΊɺࣜʢ3.6) Ͱද͞ΕΔɻ

xj = z(1)j (3.6)

ग़ྗ஋ yj ͸ɺग़ྗ૚Ϣχοτͷग़ྗͱͳΓɺχϡʔϥϧωοτϫʔΫͷ૚਺Λ L ૚

ͱ͢Δͱɺࣜʢ3.7ʣͰද͞ΕΔɻ

yj = z(L)j (3.7)

தؒ૚ͷੑ׆Խؔ਺ʹ͸͔͘ݹΒγάϞΠυؔ਺͕࢖༻͞Ε͍͕ͯͨɺγάϞΠυؔ

਺͸ɺݪ఺͔Βԕ͔͟Δ΄Ͳޯ഑͕ 0ʹۙͮͨ͘Ίɺֶश͕ਐΈੑ׆Խؔ਺΁ͷೖྗ஋

͕େ͖ͳ஋ʹͳΔͱɺϢχοτͷֶश͕ఀ଺͢Δͱ͍͏໰୊͕͋ͬͨɻ͜Ε͸ޯ഑ফࣦ

໰୊ͱݺ͹ΕΔɻޯ഑ফࣦ໰୊Λղܾ͢ΔͨΊʹɺதؒ૚ͷੑ׆Խؔ਺ʹ͸ݪ఺͔Β཭

Εͯ΋ޯ഑͕มΘΒͳ͍ReLUؔ਺͕࢖ΘΕΔɻ
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ୈ4ষ Deep Learning

σΟʔϓϥʔχϯά (Deep Learning)ͱ͸ଟ૚Խͨ͠χϡʔϥϧωοτϫʔΫΛ༻͍ͨ

ɻσΟʔϓϥʔχϯάͷొ৔Ҏલɺ4૚Ҏ্ͷχϡʔϥϧωοτϫʔ͢ࢦցֶशख๏Λػ

Ϋʹ͸ޯ഑ফࣦ໰୊΍աֶशͳͲͷٕज़త໰୊͕ଘ͠ࡏɺ࣮༻Խ͕ࠔ೉Ͱ͋ͬͨɻ͔͠

͠ɺաֶशΛ๷͢ࢭΔυϩοϓΞ΢τͷൃҊ΍ɺReLUؔ਺ͷൃҊɺػࢉܭͷੑೳ্޲

ͳͲͷཧ༝ʹΑΓɺ2010೥୆ʹσΟʔϓχϡʔϥϧωοτϫʔΫΛ༻ֶ͍ͨश͕Մೳͱ

ͳͬͨɻσΟʔϓϥʔχϯά͸ಛʹը૾ೝࣝ΍Ի੠ೝࣝΛࡍ͏ߦɺඇৗʹྗڧͳπʔϧ

ͱͳΔɻσΟʔϓχϡʔϥϧωοτϫʔΫͷ୅දతͳ΋ͷͱͯ͠ɺҎԼͷΑ͏ͳ΋ͷ͕

ଘ͢ࡏΔɻ

• Convolution Neural Network

• Residual Network

• Stacked Auto Encoder

• Deep Belief Network

• Recurrent Neural Network

4.1 Convolution Neural Network

χϡʔϥϧωοτϫʔΫͰը૾΍Ի੠Λର৅ͱ͢Δ৔߹ɺ৞ΈࠐΈχϡʔϥϧωοτ

ϫʔΫ (Convolution Neural Network)͕࢖ΘΕΔɻ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ͸ɺ

શ݁߹૚ͷଞʹ৞ΈࠐΈ૚ͱϓʔϦϯά૚Λ૊Έ߹Θͤͯߏங͞ΕΔɻ৞ΈࠐΈχϡʔ

ϥϧωοτϫʔΫͷߏஙྫΛ Figure 4.1ʹࣔ͢ɻશ݁߹૚Ͱ͸ྡ઀͢Δ૚ʹ͓͚Δ͢΂

ͯͷχϡʔϩϯؒͰ݁߹͕͋Δ૚Λࣔ͢ɻ৞ΈࠐΈ૚ͰߦΘΕΔॲཧ͸ը૾ॲཧ෼໺ʹ

͓͚ΔϑΟϧλԋࢉʹ૬౰͢ΔɻϓʔϦϯά૚ͰߦΘΕΔॲཧ͸ɺೖྗը૾ͷαΠζΛ

ॖখ͢ΔॲཧͰ͋Δɻ
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Figure 4.1 Convolution neural network

4.2 Residual Network

Residual Network(ResNet)͸Microsoft ResearchͷKaiming HeࢯΒ͕ 2015೥ʹߟҊ

ͨ͠χϡʔϥϧωοτϫʔΫͷϞσϧͰ͋Δɻ3) ը૾෼ྨ໰୊ʹ͓͍ͯɺωοτϫʔΫ

ͷ૚ͷਂ͞͸ॏཁͰ͋Γɺਂ͍΄Ͳਫ਼౓্͢޲Δͱ͑ߟΒΕ͍ͯΔ͕ɺΑΓਂ͍ωοτ

ϫʔΫΛֶशͤ͞Α͏ͱ͢ΔͱɺFigure 4.2ͷΑ͏ʹਫ਼౓͕ྼԽ͢Δ͜ͱ͕஌ΒΕ͍ͯ

ΔɻResNet͸͜ͷΑ͏ͳਂ͍ωοτϫʔΫʹ͓͍ͯൃੜ͢Δਫ਼౓͕ྼԽ͢Δ໰୊Λղܾ

͢Δ͜ͱ͕Ͱ͖Δɻ

ResNetͰ͸௚઀࠷దͳࣸ ʢ૾ม׵ʣʹ ͳΔΑ͏ֶश͢ΔͷͰ͸ͳ͘ɺࠩ࢒ͷࣸ૾͕࠷ద

ʹͳΔΑ͏ֶशΛ͏ߦɻٻΊΔࣸ૾Λ H(x)ͱ͢Δͱɺೖྗxͱͷࠩ࢒ F(x)͸ H(x)−x

Ͱද͢͜ͱ͕Ͱ͖ɺݩͷࣸ૾͸ F(x) + x ͱͳΔɻݩͷࣸ૾ F(x) + x ͸Figure 4.3ͷΑ

͏ʹγϣʔτΧοτ઀ଓʹΑΓ࣮ݱͰ͖ΔɻγϣʔτΧοτ઀ଓ͸͍͔ͭ͘ͷ૚ΛεΩο

ϓ͢Δ୯ͳΔ߃౳ࣸ૾Ͱ͋Δ͕ɺύϥϝʔλͷ௥Ճ͕ͳ͘ɺࢉܭ΋ෳࡶʹͳΒͣɺޡٯ

ࠩ఻೻΋ՄೳͰ͋ΔͨΊ࣮૷΋༰қͱ͍ͬͨϝϦοτ͕͋Δɻ

– 12 –



Figure 4.2 Training error of deeper network3)
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Figure 4.3 Short cut connection3)
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ୈ5ষ ֶशํ๏

5.1 ਺ؔࠩޡ

ೖྗͱਖ਼ղͱͳΔग़ྗͷϖΞΛ༩͑ͯχϡʔϥϧωοτϫʔΫΛֶश͢Δ͜ͱΛɺڭ

ͼɺ͋Β͔͡Ί༩͑ΒΕΔྫ୊ͱ౴͑ʹ͍ͭͯͷσʔλΛֶशσʔλͱݺΓֶशͱ͋ࢣ

ͷई౓Λଛࣦͱ͍͏ɻଛࣦࠩޡσʔλͱͷࢣڭͿɻχϡʔϥϧωοτϫʔΫͷग़ྗͱݺ

ͷ஋͕େ͖͍΄Ͳਖ਼ղ͔Β͸཭Ε͍ͯΔͱ͍͏͜ͱΛҙຯ͢Δɻ͜ͷଛࣦΛධՁ͢Δؔ

਺Λؔࠩޡ਺ͱݺͿɻग़ྗ૚ͷੑ׆Խؔ਺ʹΑͬͯ Table 5.1ͷؔࠩޡ਺͕Α͘࢖ΘΕ

Δɻؔࠩޡ਺ʹ͸࣍ͷಛ௃͕͋Δɻ

• εΧϥʔ஋Λग़ྗͱ͢Δ

• ୯ௐ૿Ճؔ਺Ͱ͋Δ

• ඍ෼ՄೳͰ͋Δ

Table 5.1 Error function

activation function error function formula

sigmoid function cross-entropy error −t log y − (1− t) log (1− y)

softmax function cross-entropy error −
K∑

k=1

tk log yk

ReLU function mean squared error (y − t)2

͍͓ͯʹͷࣜه্ K ͸ग़ྗ૚ͷ߹ܭɺ yk ͸ੑ׆Խؔ਺ͷ k ൪໨ͷग़ྗɺtk ͸ࢣڭ

σʔλͷ k ൪໨ͷαϯϓϧΛද͢ɻιϑτϚοΫεؔ਺ͷ৔߹ɺग़ྗ͸ଟ஋ͱͳΔɻ܇

࿅σʔλ͸ɺਖ਼ղϥϕϧͷϢχοτͷΈ 1ͱͳΓɺଞͷϢχοτ͸ 0ͱͳΔ one-hotϕΫ

τϧͱͳΔɻ

5.2 ఻೻๏ٯࠩޡ

ଛࣦؔ਺ͷ࠷খԽ͸ɺޯ഑߱Լ๏Λ͕ࣄ͏ߦͯͬ࢖Ͱ͖Δɻ4) ޯ഑߱Լ๏Ͱ͸ɺଛࣦ

ؔ਺Λ݁߹ՙॏͰภඍ෼ͨ͠ޯ഑ΛٻΊΔɻଛࣦؔ਺Λ E ɺ݁߹ՙॏΛ W ͱ͢Δͱɺ

ޯ഑ ∇E ͸ࣜʢ5.1ʣͰද͞ΕΔɻ

– 14 –



∇E =
∂E

∂W
(5.1)

͜ͷޯ഑ʹֶश཰Λ৐ͨ͡஋Ͱɺ݁߹ՙॏΛߋ৽͢Δɻ݁߹ՙॏͷߋ৽ྔ ∆W ͸ֶ

श཰Λ η ͱ͢Δͱࣜʢ5.2ʣͰද͞ΕΔɻ

∆W = −η∇E (5.2)

ֶश཰ η ͸ɺ஋͕େ͖͍΄Ͳૣֶ͘श͕ਐΉ͕ɺଛࣦؔ਺ͷۃখ఺पลͰ͸ۃখ఺Λ

௨Γա͗ͯ͠·͏ɻ·ͨɺ஋͕খ͍͞৔߹ɺۃখ఺΁ۙͮ͘·Ͱͷ͕ؒ࣌௕͘ͳΔɻͦ

ͷͨΊɺֶश͕ਐΉʹͭΕͯঃʑʹ஋Λখ͘͢͞Δͷ͕ҰൠతͰ͋Δɻ·ͨɺଞͷख๏

ͱൺֱ͢Δͱہॴత࠷খ஋ʹؕΔՄೳੑ͕͍ߴɻ

ޯ഑ ∇E Λࣜʢ5.1ʣʹैͬͯ͢ࢉܭΔͱɺ֤૚ͷੑ׆Խؔ਺Λ֊૚తʹݺͼग़͞Ε

ͨࣜͷภඍ෼Λ͢ࢉܭΔඞཁ͕͋Δɻͦͷࡍɺ֤݁߹ՙॏʹ͍ͭͯ͢ࢉܭΔͱ͕ྔࢉܭ

ඇৗʹଟ͘ͳΔɻͦ͜Ͱޮ཰తʹࢉܭΛͨ͏ߦΊɺٯࠩޡ఻೻๏ (back propagation)ͱ

͍͏ख๏͕༻͍ΒΕΔɻٯࠩޡ఻೻๏Ͱ͸ɺภඍ෼ʹ͓͚ΔνΣΠϯϧʔϧΛ༻͍Δ͜

ͱͰɺग़ྗ૚͔Βೖྗ૚ʹ͔ͯͬ޲ɺ࿈࠯తʹ݁߹ൺॏͷޯ഑Λ͢ࢉܭΔ͜ͱ͕Ͱ͖Δɻ

ଛࣦؔ਺Λ E ɺୈ l ૚ͷ i ൪໨ͷϢχοτͷग़ྗΛ z(l)i ͱ͢Δͱ L ૚ύʔηϓτϩϯ

ͷଛࣦؔ਺ͷภඍ෼͸ࣜʢ5.3)ɺࣜʢ5.4ʣɺࣜʢ5.5ʣͰද͞ΕΔɻ

∂E

∂W (l)
ji

= δ(l)j z(l−1)
i (5.3)

δ(l)j =
∑

k

δ(l+1)
kj

∂f (l)(u(l)
j )

∂u(l)
j

(5.4)

δ(L)j =
∂E

∂u(L)
j

(5.5)

ग़ྗ૚͔Βೖྗ૚ʹ͔ͯͬ޲ॱ൪ʹ δ(l)j Λ͢ࢉܭΔ͜ͱͰ֤૚ͷ݁߹ՙॏͷޯ഑Λٻ

ΊΔ͜ͱ͕Ͱ͖Δɻ
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5.3 Լ๏߱ٸ࠷

ͷࡍదԽ໰୊Λղͨ͘Ίͷޯ഑๏ʹؔ͢ΔΞϧΰϦζϜͰ͋Δɻ࣮࠷Լ๏ͱ͸߱ٸ࠷

χϡʔϥϧωοτϫʔΫͰ͸ؔࠩޡ਺Λఆٛ͠ɺ͜Ε͕খ͘͞ͳΔΑ͏ʹֶशΛ͏ߦɻ͜

ͷࠩޡΛখ͘͢͞ΔΑ͏ʹ֤૚ͷॏΈΛߋ৽͍ͯ͘͜͠ͱΛֶशϑΣʔζͰ͍ͯͬߦΔɻ

ॏΈ w ͷߋ৽͸ࣜʢ5.6ʣͷΑ͏ʹߦΘΕΔɻ

wt+1 = wt − η
∂E(wt)

∂wt
(5.6)

ֶश܎਺ η Λዞҙతʹܾఆ͢Δඞཁ͕͋ΓɺҰ౓ܾΊͨ η Λ༻͍ͯࠩޡͷ࠷খԽΛߦ

ͳ͍ͬͯ͘ɻ͜ͷ͜ͱ͔ΒɺֶशϞσϧʹΑͬͯ࠷దͳ஋ΛܾΊΔ͜ͱ͕೉͍͠ͱ͍͏

໰୊͕͋ΔɻChainerͰ͸σϑΥϧτͷ஋͸ η = 0.01 ͱͳ͍ͬͯΔɻ

5.4 ֬཰తޯ഑߱Լ๏

֬཰తޯ഑߱Լ๏ (Stochatic Gradient Descent, SGD)ͱ͸ɺ߱ٸ࠷Լ๏ͱಉ༷ʹ࠷ద

Խ໰୊Λղͨ͘ΊͷΞϧΰϦζϜͰ͋Δ͕ɺ࠷খ஋ͷ୳ࡧΛཚ୒తʹ͏ߦ఺͕߱ٸ࠷Լ

๏ͱҟͳΔɻ5)֬཰తޯ഑߱Լ๏Ͱ͸ɺہॴత࠷খ஋ʹऩଋ͢ΔՄೳੑ͕ൺֱత௿͍ɻ͠

͔͠ɺೖྗ஋ʹฏۉ΍෼ۃ͕ࢄ୺ʹภ͍ͬͯΔ৔߹ɺ୳ࠔ͕ࡧ೉ͳ৔߹͕͋Δɻ

5.5 Adam๏

Adam(Adaptive moment estimation)๏͸ 2015೥ʹDiederik P. KingmaΒ͕ఏএͨ͠

ख๏ͰɺطଘͷAdaGrad๏΍ RMSProp๏ɺAdaDelta๏Λվྑͨ͠΋ͷͰ͋Γɺޮ཰

తʹύϥϝʔλΛۭؒΛ୳͢ࡧΔ͜ͱ͕Ͱ͖Δɻ6)Adam๏ʹ͸ޯ഑߱Լ๏ΑΓ΋ਫ਼౓͕

ऩଋ଎౓͕଎͍ͱ͍͏ಛ௃͕͋ΔɻλΠϜεςοϓ͘ߴ t ʹ͓͚Δύϥϝʔλ θt ʹؔ

͢Δ໨తؔ਺ ͷޯ഑Λ(਺ؔࠩޡ) gt ͱ͢ΔͱɺAdam๏ͷύϥϝʔλͷߋ৽͸ࣜʢ5.7ʣ

͓Αͼࣜʢ5.8ʣͷΑ͏ʹߦΘΕΔɻ7)

mt = β1mt−1 + (1–β1)gt (5.7)

vt = β2vt−1 + (1–β2)g
2
t (5.8)

mtͱ vt͸ͦΕͧΕɺޯ഑ͷҰ࣍Ϟʔϝϯτʢฏۉ஋ʣͱೋ࣍Ϟʔϝϯτʢ෼ͨ͠ࢄฏ

ํภࠩʣͷ֓ࢉ஋Ͱ͋Δɻmtͱ vt͕ 0ͷϕΫτϧͱͯ͠ॳظԽ͞Ε͍ͯΔΑ͏ʹɺAdam

๏ͷ࿦จͰ͸ɺ0ʹภΒͤΔ͜ͱʹ͍ͭͯड़΂ΒΕ͍ͯΔɻಛʹɺॳظԽ࣌఺ͷλΠϜε
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ςοϓͱɺݮਰ཰͕খ͘͞ͳͬͨͱ͖ʢͭ·Γ β1ͱ β2͕ 1ʹ͍ۙͮͨͱ͖ʣͰ͋ΔɻҰ

Δ͜ͱʹΑͬ͢ࢉܭϞʔϝϯτͷภΓΛόΠΞεิਖ਼ͨ͠ਪఆ஋Λ࣍Ϟʔϝϯτͱೋ࣍

ͯɺ͜ͷΑ͏ͳภΓΛখͨࣜ͘͞͠͸ࣜʢ5.9ʣ͓Αͼࣜʢ5.10ʣͱͳΔɻ

m̂t =
mt

1–βt
1

(5.9)

v̂t =
vt

1–βt
2

(5.10)

͜ΕΒʹΑͬͯAdam๏ͷࣜࢉܭ͸ࣜʢ5.11ʣͱಋ͔ΕΔɻ

θt+1 = θt–
η√

v̂t + ϵ
m̂t (5.11)

࿦จͰ͸ɺβ1ͷॳظ஋͸ 0.9ɺβ2ʹ͸ 0.999ɺϵʹ͸ 10−8Λઃఆ͢Δ͜ͱ͕ਪ঑͞Εͯ

͍Δɻ

5.6 աֶश໰୊

աֶशͱ͸ɺ܇࿅σʔλʹର͠͸ਫ਼౓͕͕͍ߴɺ܇࿅σʔλʹͳ͍ະ஌ͷσʔλͰ͸

༧ଌਫ਼౓͕௿͘ͳΔ͜ͱΛ͍͏ɻ͜ΕΛ๷͢ࢭΔͨΊɺυϩοϓΞ΢τͱ͍͏ख๏͕ଘ

Δɻ͢ࡏ

5.6.1 υϩοϓΞ΢τ

υϩοϓΞ΢τ͸ Figure 5.1ͷΑ͏ʹֶश࣌ʹχϡʔϥϧωοτϫʔΫͷϢχοτͷ

Ұ෦ΛϥϯμϜʹແޮʹֶͯ͠शΛ͏ߦख๏Ͱ͋Δɻಠཱʹ܇࿅ͨ͠ෳ਺ͷωοτϫʔ

ΫΛͯͬ࢖ਪ࿦Λ͍ߦɺͦΕΒͷฏۉΛͱΔ͜ͱͰɺݸʑͷωοτϫʔΫͰਪ࿦Λ͏ߦ

ΑΓ΋ਫ਼౓্͕͢޲Δ͜ͱ͕஌ΒΕ͍ͯΔɻϢχοτΛແޮʹ͢Δׂ߹͸ 0.5ఔ౓ͷ஋

Λ༻͍Δ͜ͱ͕ଟ͍ɻ

5.7 ෼ྨ໰୊

5.7.1 2஋෼ྨ໰୊

2஋෼ྨ໰୊͸ɺFigure 5.2ͷΑ͏ʹೖྗ͕ 1ͭͷΈͰɺग़ྗͷ஋͕ 2छྨʹ෼͔ΕΔ

໰୊ͷ͜ͱͰ͋Δɻ2஋෼ྨ໰୊Ͱ͸ɺग़ྗ૚ͷϢχοτ਺͸ 1ͭͰ͋Γɺ0·ͨ͸ 1Λ

ׂΓ౰ͯΔɻग़ྗ૚ͷੑ׆Խؔ਺ʹ͸γάϞΠυؔ਺͕༻͍ΒΕɺग़ྗ͸ 0͔Β 1ͷ࣮
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Figure 5.1 Dropout

਺ͱͳΔɻ͜ͷ࣮਺͸ɺग़ྗͷ஋ʹ 1ΛׂΓ౰ͯͨࣄ৅Ͱ͋Δ֬཰Λද͢ɻଛࣦؔ਺ʹ

͸ަࠩΤϯτϩϐʔ࢖͕ࠩޡ༻͞ΕΔɻ

!

!
!
!

!

!

!
!
!

!

!

!
!
!

!

"#$%&
output

0：not	star

1：star

Figure 5.2 Binary-classification problem

5.7.2 ଟΫϥε෼ྨ໰୊

ଟΫϥε෼ྨ໰୊͸ɺFigure 5.3ͷΑ͏ʹର৅Λෳ਺ͷछྨʹ෼ྨ͢Δ໰୊Ͱ͋Δɻ෼

ྨ͞ΕͨͦΕͧΕͷू߹͸Ϋϥεͱݺ͹ΕΔɻχϡʔϥϧωοτϫʔΫͰଟΫϥε෼ྨ

Λ༧ଌ͢Δ৔߹ɺग़ྗ૚ͷϢχοτ਺͸෼ྨ͢ΔΫϥε਺ͱͳΔɺ֤Ϋϥεʹ͸ 0͔Β
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͸͡·Δ੔਺ΛׂΓ౰ͯΔɻ͜ͷ੔਺ͷ͜ͱΛϥϕϧͱݺͿɻग़ྗ૚ͷੑ׆Խؔ਺ʹ͸

Softmaxؔ਺͕༻͍ΒΕɺؔࠩޡ਺͸ަࠩΤϯτϩϐʔ࢖͕ࠩޡΘΕΔɻ܇࿅σʔλͷ

ਖ਼ղϥϕϧ͸ɺ1ͭͷ਺஋Ͱ͋ΔͨΊͦͷ··ਖ਼ղσʔλͱͯ͠͸͜͏࢖ͱ͕ग़དྷͳ͍ɻ

ͦ͜Ͱɺਖ਼ղϥϕϧʹରԠ͢ΔϢχοτͷΈ஋Λ 1ͱ͠ɺͦΕҎ֎Λ 0ͱ͢Δ one-hotϕ

Ϋτϧද͕ݱ༻͍ΒΕΔɻ

!

!
!
!

!

!

!
!
!

!

!

!
!
!

image

0：star

1：triangle

!

!

"#$：square

output

!
!

!

Figure 5.3 Multi-classification problem

5.8 ωοτϫʔΫࡦํ

ωοτϫʔΫͱ͸ɺGoogleࡦํ DeepMindʹΑͬͯ։ൃ͞Εͨίϯϐϡʔλғޟϓϩ

άϥϜͰ͋Δ AlphaGO ZeroͰ༻͍ΒΕͨωοτϫʔΫͷҰͭͰ͋Δɻ8) ෇ֶ͖शࢣڭ

ϑΣʔζͱ΋ݺ͹Εɺࢣڭσʔλͱͯ͠༩͑ΒΕͨঢ়ଶ s (ήʔϜʹ͓͚Δ൫໘ͳͲ)Λɺ

ଧͨΕΔखʹ࣍ a ͷ֬཰͕࠷΋͘ߴͳΔΑ͏ͳ֬཰෼෍ pσ(a|s) Λग़ྗ͢ΔΑ͏ʹ֬཰

తޯ഑߱Լ๏Λ༻ֶ͍ͯशͤ͞Δ΋ͷͰ͋Δɻ9)۩ମతʹ͸ɺ৞ΈࠐΈχϡʔϥϧωοτ

ϫʔΫΛ͍࢖ɺ࠷ऴ૚ͷग़ྗ݁Ռͷੑ׆Խؔ਺Λ Softmaxؔ਺ʹ͠ɺ֬཰ղऍΛͯͬߦ

͍Δɻ
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ୈ6ষ MNISTʹΑΔ෼ྨ

6.1 Chainer

Chainerͱ͸ɺPreferred Networks͕ࣾ։ൃͨ͠χϡʔϥϧωοτϫʔΫΛ࣮૷͢Δͨ

Ίͷ PythonϥΠϒϥϦͰ͋Δɻ͜Ε͸ɺCUDAͱ͍͏NVIDIAࣾGPU͚޲ͷ൚༻ฒ

ྻίϯϐϡʔςΟϯάϓϥοτϑΥʔϜΛαϙʔτ͓ͯ͠ΓɺGPUΛར༻ͨ͠ߴ଎ͳܭ

هங͕ଞͷϥΠϒϥϦͱൺ΂༰қͰ͋Δ͜ͱ΍ॊೈͳߏڥՄೳͰ͋Δɻ10)·ͨɺ؀͕ࢉ

๏ʹΑΓ༷ʑͳλΠϓͷχϡʔϥϧωοτΛ࣮૷Մೳͱ͍͏ϝϦοτ͕͋Δɻ

6.2 MNIST

MNISTͱ͸ɺखॻ͖਺ࣈͷը૾σʔληοτͰ͋Γɺػցֶशͷ෼໺Ͱ࠷΋༗໊ͳ

σʔληοτͷ 1ͭͰ͋ΔɻMNISTσʔληοτ͸ɺFigure 6.1ʹࣔ͢Α͏ʹɺ0͔Β 9

·Ͱͷ਺ࣈը૾͔Βߏ੒͞ΕΔɻ܇࿅σʔλը૾͕ 60,000ຕɺςετσʔλը૾͕ 10,000

ຕ༻ҙ͞Ε͓ͯΓɺͦΕΒͷֶशͱਪଌΛ͏ߦɻ28ʷ 28ͷάϨʔը૾Ͱɺ֤ϐΫηϧ͸

0ʙ255ͷ஋ΛͱΔɻ11) ͜͜Ͱ܇͏ݴ࿅σʔλͱ͸ɺ࣮ࡍʹֶशΛ͏ߦσʔλͰ͋Γɺς

ετσʔλͱ͸ɺਖ਼͘͠෼ྨ͕͞Εͨൺֱ༻ͷσʔλͷ͜ͱΛ͢ࢦɻ

Figure 6.1 MNIST

6.3 MNISTΛ༻͍ͨ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ

ChainerΛ༻͍ͯ৞ΈࠐΈχϡʔϥϧωοτϫʔΫΛߏஙͨ͠ɻωοτϫʔΫ͸ೖྗ

૚ɺ৞ΈࠐΈ૚ٴͼϓʔϦϯά૚͕ͦΕͧΕ 2૚ɺશ݁߹૚͔ΒͳΔɻͳ͓ɺ6ষٴͼ 7

ষͰ͸Chainer4.3.1ɾCUDA9.0ɾPython3.5.5ͷڥ؀ͰϓϩάϥϜͷ࣮ߦΛ͏ߦɻ
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6.3.1 ϥΠϒϥϦͷΠϯϙʔτ

import numpy as np

import chainer

from chainer import cuda, Function, gradient_check, report, training,

utils, Variable

from chainer import datasets, iterators, optimizers, serializers

from chainer import Link, Chain, ChainList

import chainer.functions as F

import chainer.links as L

from chainer.datasets import tuple_dataset

from chainer import training

from chainer.training import extensions

ChainerͰχϡʔϥϧωοτϫʔΫͷఆٛʹඞཁͳύοέʔδΛΠϯϙʔτͨ͠ɻϓϩ

άϥϜͷ؆ུԽͷͨΊʹɺchainer.functionsٴͼ chainer.linksΛͦΕͧΕFɺLͱͯ͠Π

ϯϙʔτΛͨͬߦɻ

6.3.2 ৞ΈࠐΈ૚ͷఆٛ

self.cn1 = L.Convolution2D(1, 20, 5)

self.cn2 = L.Convolution2D(20, 50, 5)

ɹChainerͰ৞ΈࠐΈ૚͸্هͷΑ͏ʹఆٛ͞ΕΔɻ৞ΈࠐΈԋࢉ͸ɺը૾ॲཧͰ͏ݴ

ͱ͜ΖͷʮϑΟϧλԋࢉʯʹ૬౰͢Δɻ৞ΈࠐΈԋࢉͷྫΛ Figure 6.2ʹࣔ͢ɻ৞Έࠐ

Έԋࢉ͸ೖྗσʔλʹରͯ͠ɺϑΟϧλΛద༻͢Δ͜ͱͱಉ͡Ͱ͋Δɻೖྗσʔλ͸ॎɾ

ԣܗঢ়Λͭ࣋σʔλͰɺϑΟϧλ΋ಉ༷ʹɺॎɾԣํ޲ͷݩ࣍Λͭ࣋ɻ͜ͷྫͰ͸ɺೖྗ

αΠζ͕ 4ʷ 4ɺϑΟϧλαΠζ͕ 3ʷ 3ɺग़ྗαΠζ͕ 2ʷ 2ͱͳΔɻϑΟϧλ͸ɺΧʔ

ωϧͱݺ͹ΕΔ͜ͱ΋͋Δɻ৞ΈࠐΈԋࢉ͸ɺೖྗσʔλʹରͯ͠ɺϑΟϧλͷ΢Οϯ

υ΢ΛҰఆͷִؒͰεϥΠυͤ͞ͳ͕Βద༻͍ͯ͘͠ɻ͜͜Ͱ͏ݴ΢Οϯυ΢ͱ͸ɺփ

৭ͷ෦෼Λ͢ࢦɻͦΕͧΕͷ৔ॴͰϑΟϧλཁૉͱೖྗͷରԠ͢ΔཁૉΛ৐͠ࢉɺͦͷ

࿨ΛٻΊΔɻͦͯ͠ɺͦͷ݁ՌΛग़ྗͷରԠ͢Δ৔ॴʹ֨ೲ͍ͯ͘͠ɻ͜ͷϓϩηεΛ

͢΂ͯͷ৔ॴͰ͜͏ߦͱͰɺ৞ΈࠐΈԋࢉͷग़ྗΛಘΔ͜ͱ͕Ͱ͖Δɻͳ͓ɺҾ਺͸ࠨ

͔Βॱʹೖྗνϟϯωϧ ਺ɺग़ྗνϟϯωϧ਺ɺϑΟϧλαΠζͱͳΔɻ(ݩ࣍)
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Figure 6.2 Procedure of calculating convolution operation

6.3.3 ϓʔϦϯά૚ͷ࣮૷

h1 = F.max_pooling_2d(F.relu(self.cn1(x)), 2)

h2 = F.max_pooling_2d(F.relu(self.cn2(h1)), 2)

ɹ্هͷΑ͏ʹϓʔϦϯά૚Λ࣮૷ͨ͠ɻ͜͜Ͱ͸ɺ৞ΈࠐΈԋࢉΛ͍ߦɺReLUؔ਺

ʹೖྗΛͨͬߦσʔλʹର͠Maxpooling๏Λ༻͍ͨɻϓʔϦϯά͸ɺॎɾԣํ޲ͷۭؒ

Λখ͘͢͞ΔԋࢉͰ͋ΔɻMaxpooling๏ͱ͸ Figure 6.3ʹࣔ͢Α͏ʹɺྫ͑͹ɺ2 ʷ 2

ͷྖҬͷதͰͷ࠷େ஋ΛऔΓग़͢ॲཧΛ͍ߦɺۭؒαΠζΛখ͍ͯ͘͞͠Δɻͳ͓ɺҾ

਺͸͔ࠨΒॱ൪ʹϓʔϦϯάΛ͏ߦର৅ɺྖҬͷେ͖͞Ͱ͋Δɻ
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Figure 6.3 Maxpooling procedure

6.3.4 GPUʹΑΔॲཧ

chainer.cuda.get_device_from_id(0)

model.to_gpu()

ɹఆٛͨ͠ωοτϫʔΫͷϞσϧΛ࡞੒͠ɺϞσϧΛGPUʹసૹͨ͠ɻϞσϧͷύϥ

ϝʔλͷॳظ஋͸ࣗಈతʹௐ੔͞ΕΔͨΊɺॳظԽʹؔ͢ΔίʔσΟϯά͸͍ͯͬߦͳ͍ɻ

6.3.5 దԽख๏ͷઃఆ࠷

optimizer = chainer.optimizers.Adam()

optimizer.setup(model)

ɹޯ഑߱Լ๏ʹ࢖༻͢Δ࠷దԽख๏Λઃఆͨ͠ɻ͜͜Ͱ͸Adam๏Λ༻͍ͨɻ
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6.3.6 ֶश݁Ռ

͜ͷΑ͏ͳ৞ΈࠐΈχϡʔϥϧωοτϫʔΫΛߏங͠ 30epochֶशͤͨ͞ࡍͷਖ਼౴཰

ͼଛࣦΛͦΕͧΕٴ Figure 6.4ʹࣔ͢ɻ͜ͷ৚݅Ͱͷֶशͷਖ਼౴཰͸ 0.9906ఔ౓ʹͳΔ

͜ͱ͕ࣔ͞Εͨɻ

Figure 6.4 Accuracy of MNIST by convolution neural network
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ୈ7ষ ݧ࣮

7.1 ४උݧ࣮

7.1.1 floodgate

floodgateͱ͸ 2008೥ʹެ։͞Εͨ shogi-server্ͰকعϓϩάϥϜΛ࿈ଓରઓͤ͞Δ

ඪͱͯ͠ࢦΛࣔ͢͞ڧըͰ͋ΔɻϓϩάϥϜͷا rating͕ଘ͢ࡏΔɻ

7.1.2 ࿅σʔλͷ४උ܇

͜ͷ࣮ݧͰ࢖༻͢Δ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ͸͋ࢣڭΓֶशͰ͋ΔͨΊɺڭ

αΠτͰہͷରعේσʔλʹ͍ͭͯ͸ίϯϐϡʔλকعσʔλ͕ඞཁෆՄܽͰ͋Δɻࢣ

͋Δ floodgateͷعේΛ࢖༻͢Δɻ͜ΕΛίϯϐϡʔλকعରہॴ 12)͔Βμ΢ϯϩʔυ

͠ɺ࢖༻͢Δɻͳ͓ɺعේ͸ 2016೥౓ͷ΋ͷΛ࢖༻͢Δɻ͜Εʹ͸ ේσʔعͷݸ80141

λؚ͕·Ε͍ͯΔɻfloodgateͷعේʹ͸ɺࢣڭσʔλͱͯ͠ద੾Ͱͳ͍عේ΋ؚ·Εͯ

͍ΔͨΊɺ౤ྃͰରہऴྃɺख਺͕ 50खҎ্ɺରہϓϩάϥϜͷ rating͕ 2500Ҏ্ͱ

͍͏৚݅Λ͢΂ͯຬͨ͢عේΛநग़ͨ͠ɻ·ͨɺֶशͷਫ਼౓ΛධՁ͢ΔͨΊͷعේΛແ

σʔλ͸ࢣڭσʔλͱ͸ผʹ༻ҙͨ͠ɻͦͷ݁Ռɺࢣڭҝʹநग़͠ɺ࡞ ɺςεہ26782

τσʔλ͸ ͱͳͬͨɻہ2976

7.1.3 σʔλͷೖྗ

੒͞Ε͍ͯΔɻ൫্ͷۨ͸ɺFigureߏΒ͔ۨͪ࣋໘͸൫্ͷۨͱہ 7.1ʹࣔ͢௨Γɺۨ

ͷछྨ͝ͱʹνϟϯωϧΛ෼͚ͯɺ֤νϟϯωϧ͸ۨͷ࠲ඪΛද͢ 9 ʷ 9ͷ 2஋ը૾ͱ

ͨ͠ɻ·ͨɺ੒Γۨ͸ผͷۨͱͯ͠ѻ͍ɺઌखͱޙखͰผʑͷνϟϯωϧʹ෼͚ͨɻ·

ͨɺۨͪ࣋͸ɺछྨ͝ͱʹ࠷େຕ਺෼ͷνϟϯωϧΛׂΓ౰ͯͨɻFigure 7.2ʹࣔ͢௨

Γɺ͕͋ۨͪ࣋Δ৔߹͸ɺ͢΂ͯ 1ͷը૾ͱ͠ɺ͕ۨͪ࣋ͳ͍৔߹͸͢΂ͯ 0ͷը૾ͱ

ͨ͠ɻ·ͨɺઌखͱޙखͰผʑͷνϟϯωϧʹ෼͚ͨɻ

7.1.4 ग़ྗ

ग़ྗ͸͠ࢦखͷ࠲ඪʹ 1ͭͷϥϕϧΛׂΓ౰ͯɺଟΫϥε෼ྨ໰୊ͱͯ͠ѻ͏ɻͨͩ

͠ɺকعͷ৔߹ɺۨͷҠಈ͕͋ΔͨΊɺҠಈݩͷ࠲ඪͷྀ͕ߟඞཁͰ͋Δɻ͜Ε͸Ҡಈ

ઌͷ࠲ඪͷΈͰ͸ɺҠಈݩͷ͕ۨҰҙʹܾ·Βͳ͍͜ͱ͕͋Δ͔ΒͰ͋Δɻ
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Figure 7.1 Example of the first “Fu” channel

Figure 7.2 Example of the channel of “Kin” in hands

7.1.5 Ҡಈݩͷྀߟ

ҠಈݩΛͦͷ··࠲ඪͱͯ͠ѻ͏ͱɺҠಈݩͱҠಈઌͷ࠲ඪͷ૊Έ߹ΘͤͰ 6561௨Γ

ͷϥϕϧ͕ඞཁͱͳΔ͕ɺଟ͘ͷϥϕϧΛѻ͏ͱ GPUͷඞཁϝϞϦɺࢉܭ଎౓ɺֶश

ޮ཰ɺ༧ଌਫ਼౓ʹѱӨ͕͋ڹΔͱ͑ߟΒΕΔɻͦ͜ͰɺҠಈݩΛํ޲ͷΈͰѻ͏Α͏ʹ

͢ΔɻকعͰ͸ɺܡഅΛআۨ͘ʹ͸ඈͼӽ͕͠ͳ͍ͨΊɺۨͷछྨͱҠಈํ͕޲Θ͔Ε

͹ҠಈݩΛҰҙʹܾΊΔ͜ͱ͕Ͱ͖ΔɻҠಈํ޲͸ɺҠಈઌͷۨΛத৺ͱͨ͠ ͱ޲8ํ

അͷಈ͖ΛՃ͑ͨܡ ʹͳ͍ͨΊɺۨͷछྨ͝ͱ͕ݩ͸Ҡಈʹۨͪ࣋ͱ͢Δɻ޲10ํ 7छ

ྨͷϥϕϧΛׂΓ౰ͯΔɻ·ͨɺ͕ۨ੒Δ৔߹ʹ͸ɺผͷҠಈͱͯ͠ 10छྨͷϥϕϧΛ

ׂΓ౰ͯΔɻҠಈํ޲ͱҠಈઌͷ࠲ඪΛ૊Έ߹ΘͤΔͱɺग़ྗϥϕϧ਺͸ 2187௨Γͱͳ

Δɻ໿ 1
3 ΒΕΔɻ͑ߟΒ͢͜ͱͰे෼ͳਫ਼౓Ͱ༧ଌ͢Δ͜ͱ͕ՄೳͰ͋Δͱݮʹ
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7.1.6 ઃఆڥ؀

ֶशʹ͓͚Δڥ؀ઃఆΛҎԼʹࣔ͢ɻ

• CPU:Intel Core i7 6700

• GPU:Nvidia Geforce GTX 1070 6GB

• OS:Windows7 Professional

• χϡʔϥϧωοτϫʔΫͷ࡞੒ʹ͸ɺPython3.5.5͓ΑͼChainer4.3.1Λ༻͍Δɻ

7.2 CNNʹؔ͢Δڀݚ

χϡʔϥϧωοτϫʔΫͷߏ੒͸AlphaGoͷ࿦จ 8)ͷߏ੒Λߟࢀʹͯ͠ 13૚ͷCNN

ͱ͢Δɻ௨ৗɺCNNͰը૾ೝࣝΛ͏ߦ৔߹͸ɺϓʔϦϯά૚Λ࢖༻͢Δ͕ɺࠓճ͸࢖

༻͠ͳ͍ɻ͜Ε͸ɺϓʔϦϯά૚ͷ໨త͕ҐஔͷͣΕΛᐆດʹ͢ΔͨΊͰ͋ΔͨΊɺࠓ

ճͷΑ͏ͳকعͷ͠ࢦख༧ଌʹ͸ෆ͖޲Ͱ͋Δ͔ΒͰ͋Δɻߏ੒ͨ͠χϡʔϥϧωοτ

ϫʔΫΛTable 7.1ʹࣔ͢ɻೖྗ૚ͱதؒ૚ͷ৞ΈࠐΈ૚ͷϑΟϧλʔαΠζ͸ 3ʷ 3ͱ

͢Δɻ·ͨɺதؒ૚Ͱը૾αΠζ͕มΘΒͳ͍Α͏ʹ෯ 1ͷύσΟϯάΛ͏ߦɻதؒ૚

ͷੑ׆Խؔ਺͸ReLUؔ਺ͱ͢Δɻग़ྗ૚Ͱ͸ɺ1 ʷ 1ͷϑΟϧλʔ 27ຕʹɺ࠲ඪ͝ͱ

ʹҟͳΔόΠΞεΛՃ͑ɺSoftmaxؔ਺Ͱϥϕϧ͝ͱͷ֬཰Λग़ྗ͢Δɻֶश͢Δ epoch

਺͸ 1ͱ͢Δɻ

Table 7.1 Structure of 13layer CNN

number of layers 13

number of filters 192

stride 1

optimization method SGD

pooling layer unused

activation function ReLU

ֶशϞσϧʹςετσʔλʹΑͬͯධՁͨ݁͠ՌΛ Figure 7.3ʹࣔ͢ɻTable 7.1ͷߏ

੒ʹ͓͚Δฏۉਖ਼౴཰͸ 0.344ɺฏۉଛࣦ 3.181͸Ͱ͋ͬͨɻ͜͜Ͱଛࣦͱ͸ɺࢣڭσʔ

λͱग़ྗʹͲΕ͚ͩͷ͕ࠩ͋Δ͔ͷई౓Ͱɺ͜ΕΛ࠷খʹ͢ΔΑ͏ʹֶशΛਐΊΔɻ͜

ͷਖ਼౴཰͸কعͷ͠ࢦखͰͷਖ਼౴཰Ͱ͋Δͱ͑ߟΔͱɺͦΕ΄Ͳ௿͍΋ͷͰ͸ͳ͍ͱ͍
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͑Δɻ8)

Figure 7.3 Accuracy and error during training

7.2.1 CNNͷ૚਺ʹ͍ͭͯͷڀݚ

ਖ਼౴཰ɺۉͷฏ࣌Έ૚ͷ਺ΛมԽͤͨ͞ࠐɺ13૚ͷχϡʔϥϧωοτϫʔΫͷ৞Έʹ࣍

ฏۉଛࣦɺֶशʹ͔͔ͬͨؒ࣌ΛTable 7.2ʹࣔ͢ɻ

૚͕গͳ͍ͱֶश͕଍Γͣɺਖ਼౴཰͕௿͘ͳΓଛࣦ΋େ͖͘ͳͬͨɻͦͷޙ͸૚Λ૿

΍͢ͱਖ਼౴཰্͕͕Γɺଛࣦ͕গͳ͘ͳ͕ͬͨɺ8૚ΑΓ΋ଟ͍ϞσϧͰ͸૚͕૿͑Δ

΄Ͳਖ਼౴཰͕Լ͕Γɺଛࣦ΋େ͖͘ͳͬͨɻΑͬͯɺ૚Λ૿΍͚ͩ͢Ͱ͸ɺχϡʔϥϧ

ωοτϫʔΫͷֶशਫ਼౓Λ্ঢͤ͞Δ͜ͱ͸ࠔ೉Ͱ͋Δɻ·ͨɺೖྗσʔλ͸ಉҰͰ͋

Δ͕ɺ૚Λ૿΍͢ͱਖ਼౴཰͕௿͘ͳͬͨ͜ͱ͔ΒɺաֶशʹΑΔਫ਼౓ͷ௿ԼͰ͸ͳ͘ඇ

ޮ཰ͳֶश͕ߦΘΕ͍ͯͨͱ͑ߟΒΕΔɻֶशʹ͔͔ͬͨؒ࣌͸ɺ૚͕૿͑ΔʹͭΕͯ

௕͘ͳͬͨɻ͜Ε͸ߋ৽͢ΔॏΈͷ਺͕૿͍͑ͯ͘ҝͰ͋Δ͔Βͱ͑ߟΒΕΔɻ
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Table 7.2 Result of layer experiment

number of layers accuracy loss training time

3 0.301 3.241 42’14”

5 0.350 2.849 47’42”

8 0.364 2.839 54’27”

10 0.356 2.840 56’28”

13 0.346 3.162 1:10’25”

18 0.316 3.383 1:25’19”

23 0.320 3.564 1:43’21”

28 0.310 3.761 2:03’30”

7.2.2 CNNͷϑΟϧλຕ਺ʹ͍ͭͯͷڀݚ

ਖ਼౴཰ɺฏۉͷฏ࣌ɺ8૚ͷχϡʔϥϧωοτϫʔΫͷϑΟϧλͷ਺ΛมԽͤͨ͞ʹ࣍

ΛTable͔͔ؒ࣌ͨͬʹଛࣦɺֶशۉ 7.3ʹࣔ͢ɻ

Table 7.3 Result of filter experiment

number of filters accuracy loss training time

64 0.328 3.071 55’05”

128 0.357 2.907 55’00”

192 0.364 2.839 54’27”

256 0.365 2.798 55’41”

512 0.378 2.730 1:31’25”

ϑΟϧλʔຕ਺͕ଟ͍΄͏͕ΑΓ͍ߴਖ਼౴཰ΛಘΒΕͨɻֶशؒ࣌͸ɺϑΟϧλʔຕ

਺͕ 64ʙ256ຕͰ͸΄ͱΜͲมΘΒͣɺ512ຕͰܹٸʹ૿͑ͨɻ͜Ε͸ϑΟϧλʔຕ਺͕

256ຕ·Ͱ͸GPUʹΑΔฒྻॲཧ͕ՄೳͰ͕͋ͬͨɺ512ຕͰ͸GPUͰฒྻෆՄೳͳ

ॲཧྔʹͳͬͨͨΊͩͱ͑ߟΒΕΔɻGPUͷฒྻॲཧੑೳ͸ϋʔυ΢ΣΞͷੑೳʹΑͬ

ܾͯ·ΔͨΊɺਫ਼౓ͷΈͰ͸ͳֶ͘शؒ࣌ͱͷόϥϯεΛྀͯ͠ߟɺύϥϝʔλΛܾΊ

Δඞཁ͕͋Δɻ
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7.3 Residual NetworkʹΑΔଟ૚Խͷڀݚ

͜Ε·Ͱͷ࣮ݧΑΓɺCNNΛਂ૚Խͨ͠৔߹ɺਫ਼౓͕Լ͕Δͱ͍͏՝୊͕͋ͬͨɻͦ

͜Ͱࠩ࢒Λ༻͍ͯਂ૚ԽΛՄೳʹ͢ΔResidual Network(ResNet)Λ༻͍࣮ͯݧΛߦͳͬ

ͨɻResNet͸௚઀࠷దͳࣸ૾ʹͳΔΑ͏ʹֶश͢ΔͷͰ͸ͳ͘γϣʔτΧοτ઀ଓʹ

Αͬͯࠩ࢒ͷࣸ૾͕࠷దʹͳΔΑ͏ʹֶशΛ͏ߦχϡʔϥϧωοτϫʔΫͰ͋Δɻγϣʔ

τΧοτ઀ଓ͸͍͔ͭ͘ͷ૚ΛεΩοϓ͢Δ߃౳ࣸ૾Ͱɺύϥϝʔλͷ௥Ճ͕ͳ͘ɺܭ

ߏͳΒͣɺύοΫϓϩύήʔγϣϯ΋ՄೳͰ͋ΔͨΊɺ࣮૷͕؆୯Ͱ͋Δɻʹࡶ΋ෳࢉ

ஙͨ͠ResNet͸Figure 7.4ͷϒϩοΫΛ܁Γ͔͑͢ߏ੒ͱͳ͍ͬͯΔɻ৞ΈࠐΈ૚ͷ਺

͸ 1ϒϩοΫʹ͖ͭ 2૚Ͱ͋ΔɻγϣʔτΧοτܦ࿏ʹ͓͍ͯ΋ࠩޡ͸ٯ఻೻͢ΔɻϑΟ

ϧλʔຕ਺͸ 192ຕͱ͠ɺୈ 7.2.1߲Ͱߏ੒ͨ͠૚ͷ਺ʹۙͨ͘͠ͱ͖ͷฏۉਖ਼౴཰ɺฏ

ΛTable͔͔ؒ࣌ͨͬʹଛࣦɺֶशۉ 7.4ʹࣔ͢ɻͳ͓ɺׅހ಺ͷ਺ࣈ͸ೖྗ૚ͱग़ྗ૚

ΛؚΊͨχϡʔϥϧωοτϫʔΫͷ૚ͷ૯਺Ͱ͋Δɻ

!"#$"%&'("#
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Figure 7.4 Structure of ResNet
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Table 7.4 Result of ResNet experiment

number of blocks accuracy loss training time

1 (4) 0.231 4.592 57’46”

3 (8) 0.369 3.107 1:11’30”

4 (10) 0.379 3.063 1:30’39”

5 (12) 0.380 3.046 1:31’38”

8 (18) 0.370 3.043 2:06’40”

10 (22) 0.374 3.067 2:27’42”

13 (28) 0.368 3.039 3:13’29”

௨ৗͷCNNͷ݁Ռʹൺ΂ͯɺ0.02ఔ౓ͷਫ਼౓ͷݱ্͕޲Εɺ૚͕ଟ͍χϡʔϥϧωο

τϫʔΫ΄Ͳਫ਼౓ͷݟ্͕޲ΒΕͨɻ͜Ε͸ɺγϣʔτΧοτ઀ଓʹΑΓඇޮ཰ͳԋࢉ

Λ͜͏ߦͱ͕ͳ͘ͳ͔ͬͨΒͰ͋Δͱ͑ߟΒΕΔɻ͔͠͠ɺֶशʹ͔͔Δؒ࣌͸ɺ1.3ഒ

ఔ౓ʹͳͬͨɻ͜Ε͸ࠩ࢒ͷࣸ૾͕࠷దʹͳΔΑ͏ʹ͢ΔԋࢉΛߦͳ͍ͬͯΔ͔Βͩͱ

ΒΕΔɻ͑ߟ
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ୈ8ষ ݁࿦

ຊڀݚͰ͸ɺকعͷطଘͷعේσʔλ͔Βɺ֤ख਺Ͱͷ൫໘ධՁΛ͏ߦ৞ΈࠐΈχϡʔ

ϥϧωοτϫʔΫΛChainerΛ༻͍ͯߏஙͨ͠ɻ·ͨɺ৞ΈࠐΈχϡʔϥϧωοτϫʔ

Ϋͷਂ૚ԽʹΑΔਫ਼౓ͷ্޲ΛࢼΈͨɻ݁Ռͱͯ͠ɺ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ

Λਂ૚Խͨ͠৔߹ɺ͋Δఔ౓ͷ૚਺·Ͱ͸ਫ਼౓্͕͢޲Δ͕ɺͦΕҎ߱͸ֶश͕ඇޮ཰

తʹͳΓਫ਼౓͕௿Լ͢Δ݁Ռ͕ಘΒΕͨɻͦͷ໰୊Λղܾ͢ΔͨΊʹɺࠩ࢒Λར༻ͨ͠

Residual NetworkΛ࣮૷͠ɺਂ૚ԽʹΑΔਫ਼౓ͷ্޲Λ࣮ݱͰ͖ͨɻ

Ͱ༻͍ͨχϡʔϥϧωοτϫʔΫ͸ɺඇৗʹਂ͍χϡʔϥϧωοτϫʔΫݧճͷ࣮ࠓ

Ͱ͕͋ͬͨɺ͜ͷΑ͏ͳਂ૚χϡʔϥϧωοτϫʔΫ͸ɺಉ༷ͳख๏ͰֶशՄೳͳը૾

΍Ի੠ೝࣝɺνΣε΍ғޟͳͲͷ༷ʑͳ෼໺ʹ͓͍ͯޮՌతͰ͋Δͱ༧૝͞ΕΔɻͨͩ

͠ɺχϡʔϥϧωοτϫʔΫͷߏ੒ʹ͸޻෉͕ඞཁͰ͋ΔɻϑΟϧλʔຕ਺Λ૿΍͢ͱ

ਫ਼౓্͕͕ͨ͠޲ɺ0.01ఔ౓ͷ্޲ʹର͠ɺֶशʹ͔͔Δؒ࣌͸໿ 1.7ഒ௕͘ͳͬͨɻғ

Βʹ௕͘ͳΔ͜ͱ͕༧૝͞ΕΔͨΊɺ͕ؒ࣌͜͞ͳͲͷΑΓ൫͕େ͖͍΋ͷͰ͸͜ͷޟ

ΕΒͷόϥϯεΛ͑ߟχϡʔϥϧωοτϫʔΫΛߏங͢Δඞཁ͕͋Δɻ

ஙʹChainerϥΠϒϥϦΛ༻͍ɺGPUߏͰ͸ɺχϡʔϥϧωοτϫʔΫͷݧճͷ࣮ࠓ

ͰͷॲཧͷͨΊʹCUDAΛ༻͍͕ͨɺChainerͰ͸௚ײతͳࢉܭάϥϑͷߏங͕ՄೳͰ

͋ΓɺGPUΛར༻ͨ͠ඇৗʹߴ଎ͳԋ͕ࢉͰ͖ΔͨΊɺ৽نͷωοτϫʔΫΛߏஙͨ͠

͍৔߹ɺඇৗʹ༗༻Ͱ͋Δɻ

ChainerΛ͸͡Ίͱͯ͠ɺTensorFlow΍KerasͳͲɺࠓ೔Ͱ͸਺ଟ͘ͷػցֶश͚޲

ϥΠϒϥϦ͕ଘ͢ࡏΔ͕ɺ͜ΕΒͷΑ͏ͳྗڧͳαϙʔτπʔϧ͕ΑΓҰ૚ੈؒʹਁಁ

͠ɺՊֶٕज़ͷൃల͸΋ͪΖΜͷ͜ͱɺϏδωε΍ڭҭͱ͍ͬͨํ໘Ͱ΋෯׆͘޿༻͞

Ε͍ͯ͘͜ͱΛ͍͍ͨئɻ
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ँࣙ

ຊڀݚΛਐΊΔʹ͋ͨΓɺޚଟ๩தʹ΋ؔΘΒͣଟେͳ͝ࢦಋΛࣀΓ·ͨ͠ग़ޱརݑ

ઌੜʹਂ͘͢ँײΔͱڞʹɺಉڞ͍͓ͯʹࣨڀݚʹษֶʹྭΜͩখࣉஐਔࢯɺ௕ᖒߛଡ

Λਃ্͛͠·͢ɻྱޚ͘ްʹࢯɺ௕ඌඩਅࢯ
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