
卒 業 研 究 報 告 題 目

指 導 教 員

岐阜工業高等専門学校 電気情報工学科

平 成 ３ ０ 年（ ２ ０ １ ８ 年 ） ２ 月 １ ６ 日 提 出

ディープラーニングを用いた
パーフェクト・リバーシの局面評価の研究

A Study of Evaluation Function for Perfect Reversi
by Deep Learning

出口 利憲 教授

2013E33 船橋 聡太



Abstract

A field of AI, stands for Artificial Intelligence, has been rapidly developed since it

was appeared in Dartmouth Conference in 1956. AI is frequently used in every field

such as Natural Language Processing, Image Recognition and Expert System, and so on.

Specifically, in AI, Neural Network Theory is spotlighted in recent years since Hierar-

chical Neural Network achieved exceptional performance in regression and classification

problems. In this research, using 10 × 10 squares reversi, so called ”Perfect Reversi”,

its AI is trained by deep learning using existing training data sets. With TensorFlow

library that is appeared recently for the machine learning, Convolutional Neural Network

is constructed so as to train the perfect reversi AI. After that, through the matches of

the trained AI and random AI, its performance is evaluated. Since the perfect reversi

would be the game which have a lot of uncertainties, there are lots of difficulties in

determination of evaluation value and optimization method.
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ୈ1ষ ং

ਓʢAIʣͱ͍͏ɺ1956ʹߦΘΕͨμʔτϚεձٞͷࡍʹੜͯ͠Ҏདྷɺ

ॲཧԻɾըޠݴΓɺࣗવʹذͳൃలΛଓ͚͍ͯΔɻͦͷԠ༻ྖҬଟٸ·Ͱࠓ

૾ೝࣝɺΤΩεύʔτγεςϜͳͲੈ࣮ݱքͷ͋ΒΏΔͰར༻͞Ε͍ͯΔɻχϡʔ

ϥϧωοτϫʔΫɺਓͷதͰۙಛʹΛཋͼ͍ͯΔͰ͋Δɻͦ

ͷओͨΔཁҼɺΛԿॏʹॏͶͯߏஙͨ͠֊ܕχϡʔϥϧωοτϫʔΫΛ༻͍ͨ

ֶशɺσΟʔϓϥʔχϯάʢਂֶशʣ͕ճؼྨʹԙ͍ͯඇৗʹ༏Εͨੑ

Λࣔͨͨ͠ΊͰ͋Δɻ

ຊڀݚͰɺύʔϑΣΫτɾϦόʔγͱݺΕΔ 10 × 10Ϛεͷେ൫Ϧόʔγͷہ໘

ධՁʹ͜ͷσΟʔϓϥʔχϯάख๏Λ༻͍ͯɺطଘͷ܇࿅σʔληοτʹΑΔֶशΛࢼ

ΈΔɻֶशʹ༻͍ΔΈࠐΈχϡʔϥϧωοτϫʔΫͷߏஙʹɺۙొͨ͠৽͍͠

AIͱϥϯμϜͰۨΛଧͭͨ͠࡞ϥΠϒϥϦͰ͋ΔTensorFlowΛ༻͍ɺ੍͚ցֶशػ

AIͱͷੑΛൺֱݕ౼͢Δɻ
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ୈ2ষ χϡʔϥϧωοτϫʔΫ

2.1 χϡʔϩϯ

χϡʔϩϯͱɺFigure2.1ʹࣔ͢Α͏ͳੜମͷਆܥܦΛߏ͢Δਆࡉܦ๔Ͱɺͦͷػ

ใॲཧٴܥͼใୡʹಛԽ͍ͯ͠Δͱ͍͏ಛΛͭ࣋ɻχϡʔϩϯͷओͨΔػ

ɺೖྗܹΛड͚औͬͨ׆ʹࡍಈిҐΛൃੜͤ͞ɺଞͷࡉ๔ʹ৴߸Λୡ͢Δ͜ͱ

Ͱ͋Δɻਓͷʹԙ͍ͯ 1000ԯݸͷχϡʔϩϯ͕ଘ͠ࡏɺ3ݩ࣍తʹີ݁߹ͨ͠

ճ࿏Λܗ͍ͯ͠Δɻ

χϡʔϩϯɺͦͷຊମͷ෦ͱͳΔࡉ๔ମͱɺෳࢬʹࡶ͔Εͨ͠थঢ়ಥىɺຊମ͔

Β 1ຊ͚ͩग़͍ͯͯͰଟʹࢬ͔Ε͢Δ࣠ࡧͱݺΕΔ 3ͭʹ͔Ε͍ͯΔɻ

ใ࣠ࡧͱथঢ়ಥىΛ௨ͯ͡ɺχϡʔϩϯ͔Βχϡʔϩϯୡ͞ΕΔɻ࣠ࡧɺੑ׆

Խ͞Εͨχϡʔϩϯ͔Βͦͷχϡʔϩϯʹͭͳ͕͍ͬͯΔଞͷχϡʔϩϯిҐ·ͨ

ͷड༰ମ͕ड͚औΔ͜ͱͰγφϓεͷܺؒͰىಈిҐΛथঢ়ಥ׆ಈిҐΛ͑ɺ͜ͷ׆

ԽֶԠ͕͜ىΓɺಛఆͷχϡʔϩϯͷ׆ಈిҐೖྗ͕ྭى·੍ͨ͞ΕΔɻ͜ͷ

Α͏ͳใͷୡ͕ฒྻॲཧͰߦΘΕΔͨΊɺશମͱ͍ͯ͠ߴใॲཧྗΛ͍ͯͬތ

Δ 1)ɻ

2.2 χϡʔϩϯϞσϧ

χϡʔϩϯʹଟͷछྨͷଘ͕֬ࡏೝ͞Ε͓ͯΓɺ୯७ͳൃՐ࡞༻Λͭ࣋ͷ͔Β

ඇৗʹෳࡶͳൃৼ࡞༻Λͭ࣋ͷ·Ͱଘ͍ͯ͠ࡏΔɻ͔͠͠ɺҰൠతͳχϡʔϥϧωοτ

ϫʔΫͰ༻͍ΒΕ͍ͯΔχϡʔϩϯϞσϧɺFigure2.2ͷΑ͏ʹ୯७Խ͞Εͨෳೖྗɾ

1ग़ྗͷϞσϧ͕௨ৗͰ͋Δɻχϡʔϩϯͷग़ྗɺࣜ (2.1)Ͱද͞ΕΔɻwiೖྗ xi

ʹର͢Δ݁߹ՙॏͰ͋ΓɺbόΠΞε߲Ͱ͋Δɻ

z =
n∑

i=1

wixi + b (2.1)

2.3 Խؔੑ׆

ޙมܗΕɺχϡʔϥϧωοτϫʔΫʹ͓͍ͯઢݺԽؔผ໊ୡؔͱੑ׆

ʹద༻͢Δඇઢؔܗए͘͠߃ؔͷ͜ͱΛ͢ࢦɻੑ׆Խؔͱͯ͠༻͍ΒΕΔؔ
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Figure 2.1 Neuron2)

Figure 2.2 Neuron model3)

༷ʑͰɺදతͳͷΛ࣍ʹࣔ͢ɻ

• εςοϓؔʢFigure2.3ʣ

• γάϞΠυؔʢFigure2.4ʣ

• ReLUؔʢFigure2.5ʣ
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Figure 2.3 Step function4)

Figure 2.4 Sigmoid function4)
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Figure 2.5 ReLU function4)
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ୈ3ষ ύʔηϓτϩϯ

3.1 ύʔηϓτϩϯ

ύʔηϓτϩϯͱɺ1957ʹΞϝϦΧͷ৺ཧֶ ɾऀػࢉܭՊֶऀͰ͋ΔFrank Rosen-

blatt͕ߟҊͨ͠ΞϧΰϦζϜͰ͋Δɻύʔηϓτϩϯෳͷೋ৴߸Λೖྗͱͯ͠ड

͚औΓ୯Ұͷೋ৴߸Λग़ྗ͢ΔΞϧΰϦζϜͰɺύʔηϓτϩϯΛ༻͍ͯANDήʔτ

ORήʔτͳͲͷཧճ࿏Λ࣮͢ݱΔ͜ͱ͕ՄͰ͋Δɻ͜ͷΑ͏ͳಛΛͭ࣋ύʔ

ηϓτϩϯɺχϡʔϥϧωοτϫʔΫٴͼσΟʔϓϥʔχϯάͷݯىͱͳΔΞϧΰϦ

ζϜͰ͋Δɻ

3.2 ୯ύʔηϓτϩϯ

୯ύʔηϓτϩϯɺผ໊ʮਓχϡʔϩϯʯʮ୯७ύʔηϓτϩϯʯͱݺ

ΕΔΞϧΰϦζϜͰ͋Δɻ୯ύʔηϓτϩϯΛ༻͍ΕɺANDήʔτNANDήʔ

τɾORήʔτͳͲͷཧճ࿏ΛදͤΔ͕ɺXORήʔτͷΑ͏ͳཧճ࿏දͤͳ͍ͱ

͍͏͕ܽ͋Δɻ͜Εɺ୯ύʔηϓτϩϯ͕ඇઢܗΛղܾͰ͖ͳ͍͜ͱʹ

Ͱ͋ΕɺύʔηϓτϩϯͷऩଋఆཧʹΑΓܗҼ͢Δɻରͱ͢Δ͕ઢى

ղܾͰ͖Δ͜ͱ͕ূ໌͞Ε͍ͯΔɻ୯ύʔηϓτϩϯͷྫΛ Figure3.1ʹࣔ͢ɻ୯

ύʔηϓτϩϯʹ͓͚Δ݁߹ՙॏόΠΞεͷɺ༷ʑͳֶश๏Λ༻ֶ͍ͯशͤ͞Δ

͜ͱ͕ՄͰ͋Δɻ

3.3 ଟύʔηϓτϩϯ

ύʔηϓτϩϯͦΕΒͷΛॏͶ߹ΘͤΔ͜ͱͰɺ৽ͨͳ 1ͭͷύʔηϓτϩϯΛ

ங͞Εͨߏʹங͢Δ͜ͱ͕ՄͰ͋Δɻ͜ͷΑ͏ߏ 2Ҏ্ͷύʔηϓτϩϯΛʮଟ

ύʔηϓτϩϯʯͱݺͿɻଟύʔηϓτϩϯɺ୯ύʔηϓτϩϯʹଘ͍ͨͯ͠ࡏ

ඇઢܗΛղܾͰ͖ͳ͍ͱ͍͏ܽΛࠀ͓ͯ͠ΓɺదʹύʔηϓτϩϯΛߏ

ங͢Εཧ্ෳࡶͳؔඇઢؔܗΛද͢ݱΔ͜ͱ͕ՄͰ͋ΔɻͦͷΑ͏ͳಛ

Λͭ࣋ଟύʔηϓτϩϯͰɺ୯ύʔηϓτϩϯͰදݱෆՄͰ͋ͬͨ XOR

ήʔτͳͲͷཧճ࿏Λද͢ݱΔ͜ͱ͕ՄͰ͋Δ͕ɺଟύʔηϓτϩϯʹ͓͚Δ݁

߹ՙॏόΠΞεͳͲͷɺ୯ύʔηϓτϩϯಉ༷ʹ༷ʑͳֶश๏Λ༻ֶ͍ͯश͞

ͤΔ͜ͱ͕ՄͰ͋ΔɻଟύʔηϓτϩϯͷྫΛ Figure3.2ʹࣔ͢ɻ
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Figure 3.1 Single layer perceptron4)

Figure 3.2 Multilayer perceptron4)

– 7 –



ୈ4ষ σΟʔϓϥʔχϯά

σΟʔϓϥʔχϯάʢਂֶशʣͱɺଟԽ͞ΕͨχϡʔϥϧωοτϫʔΫΛ༻͍ͨ

ɻσΟʔϓϥʔχϯάͷొҎલɺ4Ҏ্ͷਂχϡʔϥϧωοτ͢ࢦցֶशख๏Λػ

ϫʔΫʹہॴ࠷దղޯফࣦͳͲͷٕज़త͕ଘ͠ࡏɺ࣮༻Խ͕ࠔͰ

͋ͬͨɻ͔͠͠ɺΧφμͷίϯϐϡʔλՊֶɾೝ৺ཧֶऀGeoffrey Everest HintonΒʹ

ΑΔଟχϡʔϥϧωοτϫʔΫͷڀݚɺػࢉܭͷੑ্ͳͲͷཧ༝ʹΑΓɺ2010

ʹਂ͍ͷχϡʔϥϧωοτϫʔΫΛ༻͍ͨޮతͳֶश͕ՄͱͳͬͨɻσΟʔ

ϓχϡʔϥϧωοτϫʔΫͷදతͳͷͱͯ͠ɺҎԼͷΑ͏ͳͷ͕ଘ͢ࡏΔɻ

• ΈࠐΈχϡʔϥϧωοτϫʔΫ

• ελοΫυΦʔτΤϯίʔμ

• ఢରతੜωοτϫʔΫ

• ϘϧπϚϯϚγϯ

• ੍ϘϧπϚϯϚγϯ

4.1 ΈࠐΈχϡʔϥϧωοτϫʔΫ

ΈࠐΈχϡʔϥϧωοτϫʔΫͱɺॱܕਓσΟʔϓχϡʔϥϧωοτϫʔ

ΫͷҰछͰ͋Δɻओʹը૾ೝࣝಈըೝࣝɾԻೝࣝͳͲͷͰ͘༻͍ΒΕ͓ͯΓɺ

ಛʹը૾ೝࣝͷίϯϖςΟγϣϯͰɺσΟʔϓϥʔχϯάʹΑΔֶशख๏ͷ΄΅શͯ

͕ΈࠐΈχϡʔϥϧωοτϫʔΫΛϕʔεͱ͍ͯ͠ΔɻΈࠐΈχϡʔϥϧωοτϫʔ

Ϋɺશ݁߹ͷଞʹΈࠐΈͱϓʔϦϯάΛΈ߹Θͤͯߏங͞ΕΔɻશ݁߹

ͱɺྡ͢Δʹ͓͚ΔશͯͷχϡʔϩϯؒͰ݁߹͕͋ΔΛ͢ࢦɻΈࠐΈͰߦ

ΘΕΔॲཧɺը૾ॲཧʹ͓͚ΔϑΟϧλԋࢉʹ૬͢ΔɻϓʔϦϯάͰߦΘΕ

Δॲཧɺೖྗը૾ͷαΠζΛॖখ͢ΔॲཧͰ͋Δɻ

– 8 –



ୈ5ষ ֶशํ๏

5.1 Լ๏߱ٸ࠷

దԽʹ͓͚Δޯ๏ʹྨ͞ΕΔΞϧΰϦζϜͰɺؔ࠷Լ๏ͱɺ࿈ଓ߱ٸ࠷

ͷҰ֊ඍΛࢀরͯͦ͠ͷؔͷ࠷খΛ୳͢ࡧΔख๏Ͱ͋Δɻঘɺ໊લͷ༝དྷ࠷

͖ͷٸͳํʹ߱Լ͢Δ͜ͱΛҙຯ͓ͯ͠Γɺऩଋͷ͞ʹ͍͍ͭͯͯ͠ٴݴΔ༁

Ͱͳ͍ɻ߱ٸ࠷Լ๏ʹɺҎԼͷΑ͏ͳಛ͕͋Δɻ

• ؆ศͰࢉܭ͕͍

• ଞͷख๏ʹൺɺہॴతͳ࠷খʹऩଋ͢ΔՄੑ͕͍ߴ

5.2 ֬తޯ߱Լ๏

֬తޯ߱Լ๏ͱɺ߱ٸ࠷Լ๏ͱಉ༷ʹ࿈ଓ࠷దԽʹ͓͚Δޯ๏ʹྨ͞

ΕΔΞϧΰϦζϜͰ͋Δ͕ɺ࠷খͷ୳ࡧΛཚతʹ͏ߦ͕߱ٸ࠷Լ๏ͱҟͳΔɻ֬

తޯ߱Լ๏ʹΑΔֶशɺϛχόονֶशʹΑΔ߱ٸ࠷Լ๏ʹΑ࣮ͬͯݱͰ͖Δɻ

֬తޯ߱Լ๏ʹɺҎԼͷΑ͏ͳಛ͕͋Δɻ

• Լ๏ΑΓ͍߱ٸ࠷খʹऩଋ͢ΔՄੑ͕࠷ॴతہ

• ೖྗʹฏۉۃ͕ࢄʹҟͳΔσʔλ͕ଘ͢ࡏΔ߹ɺ୳͕ࡧޭ͠ʹ͘͘

ͳΔ

5.3 ൖֶश๏ٯࠩޡ

ൖֶश๏ͱɺ3Ҏ্ͷχϡʔϥϧωοτϫʔΫΛֶशͤ͞ΔͨΊʹɺ1986ٯࠩޡ

ʹΞϝϦΧͷೝ৺ཧֶऀDavid E. RumelhartΒ͕ߟҊͨ͠ػցֶशख๏Ͱ͋Δɻޡ

(ൖֶश๏ʹɺҎԼͷΑ͏ͳಛ͕͋Δɻ5ٯࠩ

• ԽؔՄඍͰͳ͚ΕͳΒͳ͍ੑ׆

• ޯ͕ 0ʹ͍ۙྖҬ͕ଘ͢ࡏΔؔΛੑ׆Խؔʹ༻͍Δͱɺޯফࣦ͕ੜ

͘͢͡ͳΔ
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Figure 5.1 Backpropagation5)

Ζޙൖֶश๏ʹΑΔֶशɺ݁߹ՙॏΛग़ྗଆ͔Βमਖ਼͍ͯͨ͘͠Ίɺٯࠩޡ

͖ԋࢉͱݺΕΔɻ·ͣɺFigure5.1தͰ༻͍ΒΕ͍ͯΔมʹ͍ͭͯઆ໌ΛՃ͑ΔɻWij

ͱɺೖྗͱதؒؒͷ݁߹ՙॏɺWkjதؒͱग़ྗؒͷ݁߹ՙॏͰ͋ΔɻTj

தؒͷχϡʔϩϯͷग़ྗͰɺࣜ (5.1)Ͱද͞ΕΔɻ

Tj =
n∑

i=1

WjiXi (5.1)

Ukग़ྗͷχϡʔϩϯʹೖྗ͞ΕΔͰɺதؒͱಉ͡Α͏ʹͯ͠ٻΊΔ͜ͱ͕Ͱ

͖Δɻग़ྗͷ i൪ͷχϡʔϩϯͷग़ྗOiʹରͯ͠ɺtiͦͷࢣڭ৴߸Ͱ͋Δɻ࣍

ʹֶशํ๏ʹ͍ͭͯઆ໌͢ΔɻֶशͷࡍʹඞཁͳࠩޡEʹ͍ͭͯఆٛ͢ΔɻEͷఆٛࣜ

ࣜ (5.2)ʹࣔ͢ɻ

E =
1

2

n∑

i=1

(ti −Oi)
2 (5.2)

όοΫϓϩύήʔγϣϯͷֶशʹ͓͍ͯɺ͜ͷ͕ࠩޡখ͘͞ͳΔΑ͏ʹ݁߹ՙॏΛ

मਖ਼͍ͯ͘͠ɻ·ͣɺதؒ-ग़ྗͷ݁߹ՙॏͷֶशΛ͍ͯ͘ݟɻ݁߹ՙॏWkjʹର

͢ΔࠩޡͷมԽΛݟΕ͍͍ͷͰɺEΛWkjͰภඍ͢Εྑ͍ɻ͜ͷࣜࢉܭΛࣜ (5.3)

– 10 –



ʹࣔ͢ɻ

△Wkj = −η
∂E

∂Wkj

= −η
∂E

∂Ok

∂Ok

∂Uk

∂Uk

∂Wkj

(5.3)

ηֶशͰ͋Γɺֶश 1ճͨΓͷ݁߹ՙॏͷมԽྔΛࣔ͢ɻେ͖͗͢Δͱֶश͕

େࡶʹͳΓɺখ͗͢͞Δͱֶशʹେͳճ͕͔͔ΔΑ͏ʹͳΔͨΊɺֶशͷ

దʹઃఆ͢Δඞཁ͕͋Δɻֶशਓ͕ؒઃఆ͠ͳ͚ΕͳΒͳ͍ϋΠύʔύϥ

ϝʔλͷҰͭͰ͋Δɻ·ͣɺͦΕͧΕͷඍͷࢉܭΛ͢ΔɻࠩޡΛग़ྗͰඍ͢Δࣜ

Λࣜ (5.4)ʹࣔ͢ɻ

∂E

∂Ok
=

∂

∂Ok

1

2
(tk −Ok)

2

= −(tk −Ok)

(5.4)

ɺग़ྗΛภඍ͢ΔࣜΛࣜʹ࣍ (5.5)ʹࣔ͢ɻ

∂Ok

∂Uk
=

∂

∂Uk

1

1 + e−Uk

=
e−Uk

(1 + e−Uk)2

=
1

1 + e−Uk

(
1− 1

1 + e−Uk

)

= Ok(1−Ok)

(5.5)

– 11 –



ɺग़ྗΛ݁߹ՙॏͰภඍ͢ΔࣜΛࣜʹޙ࠷ (5.6)ʹࣔ͢ɻ

∂Uk

∂Wkj
=

∂

∂Wkj
(H1Wk1 +H2Wk2 + ...+HjWkj)

= Hj

(5.6)

Ҏ্ͷࣜΑΓɺमਖ਼ྔ△Wkjࣜ (5.7)ͷܗͰද͞ΕΔɻ

△Wkj = −η
∂E

∂Wkj

= −η
∂E

∂Ok

∂Ok

∂Uk

∂Uk

∂Wkj

= −η{−(tk −Ok)Ok(1−Ok)Hj}

= ηδkHj

(5.7)

͜͜Ͱɺδkɺࣜ (5.8)ͱఆٛ͞ΕΔɻ

δk = (tk −Ok)Ok(1−Ok) (5.8)

ग़ྗͷ݁߹ՙॏɺҎ্ͷΑ͏ʹͯ͠ࢉग़Ͱ͖Δɻ࣍ʹɺೖྗͱதؒؒͷ݁߹ՙ

ॏͷࢉܭʹ͍ͭͯઆ໌͢Δɻ݁߹ՙॏͷमਖ਼ྔɺதؒͱग़ྗؒͱಉ༷ʹɺࣜ (5.9)

Ͱࢉग़Ͱ͖Δɻ

△Wji = −η
∂E

∂Wji
(5.9)

ग़ྗͷ݁߹ՙॏͷߋ৽ʹ k൪ͷग़ྗOkͷΈ͕د༩͍͕ͯͨ͠ɺதؒͷ݁߹ՙॏ

ͷߋ৽ʹ nݸͷग़ྗશ͕ͯد༩͢Δɻ͜ͷภඍɺ࿈ʢνΣΠϯɾϧʔϧʣΛ

ɻதؒͷ݁߹ՙॏͷमਖ਼ྔ͏ߦΛࢉܭ͍ͯ༺ △Wjiࣜ (5.10)Ͱࢉग़Ͱ͖Δɻ

△Wji = −η
∂E

∂Wji

= −η

(
n∑

i=1

∂Ei

∂Oi

)
∂Hj

∂Tj

∂Tj

∂Wji

(5.10)
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ग़ྗ UiΛதؒͷग़ྗHjͰภඍ͢ΔࣜΛࣜ (5.11)ʹࣔ͢ɻ

∂Ui

∂Hj
=

∂

∂Hj
(H1Wk1 +H2Wk2 + ...+HnWkn)

= Wkj

(5.11)

தؒͷग़ྗHjΛग़ྗ TjͰภඍ͢ΔࣜΛࣜ (5.12)ʹࣔ͢ɻ

∂Hj

∂Tj
=

∂

∂Tj

(
1

1 + e−Tj

)

= − e−Tj

1 + e−Tj

=
1

1 + e−Tj

(
1− 1

1 + e−Tj

)

= Hj(1−Hj)

(5.12)

ग़ྗ TjΛ݁߹ՙॏWjiͰภඍ͢ΔࣜΛࣜ (5.13)ʹࣔ͢ɻ

∂Tj

∂Wji
=

∂

∂Wji
(X1Wj1 +X2Wj2 + ...+XnWjn)

= Xi

(5.13)
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͜ΕΒͷࣜΑΓɺ݁߹ՙॏͷमਖ਼ྔࣜ (5.14)ͷΑ͏ʹͳΔɻ

△Wji = −η
∂E

∂Wji

= −η
∂Hj

∂Tj

∂Tj

∂Oi

∂Oi

∂Ui

∂Ui

∂Hj

= ηHj(1−Hj)Xi

n∑

k=1

Wkj(tk −Ok)Ok(1−Ok)

= ηHj(1−Hj)Xi

n∑

k=1

Wkjδk

= ηδjXi

(5.14)

͜͜Ͱɺδjɺࣜ (5.15)ͱఆٛ͞ΕΔɻ

δj = Hj(1−Hj)
n∑

k=1

Wkjδk (5.15)

தؒͷ݁߹ՙॏɺҎ্ͷΑ͏ʹͯ͠ࢉग़͢Δɻ

5.4 AdaGrad๏

AdaGrad๏ 2011ʹ John DuchiΒʹΑͬͯߟҊ͞Εͨػցֶशख๏Ͱ͋ΓɺҎԼ

ͷΑ͏ͳಛ͕͋Δɻ3)

• ֶशΛࣗಈͰௐ͢Δ

• ॳֶظश η0ΛఆΊΔඞཁ͕͋Δ

ͳ͓ɺֶशʹAdaGrad๏Λ༻͍Δࡍɺ݁߹ՙॏͷ͕ແݶେʹൃ͢ࢄΔͷΛ͙ͨΊ

ʹɺϵύϥϝʔλͷখ͞ͳਖ਼ͷఆΛઃఆ͠ͳ͚ΕͳΒͳ͍ɻAdaGrad๏ʹΑΔ

ύϥϝʔλमਖ਼ྔͷࣜࢉܭΛࣜ (5.16)ɺࣜ (5.17)ɺࣜ (5.18)ɺࣜ (5.19)ʹࣔ͢ɻ

h0 = ϵ (5.16)
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ht = ht−1 +∇Qi(w) ◦ ∇Qi(w) (5.17)

ηt =
η0√
ht

(5.18)

wt+1 = wt − η∇Qi(w
t) (5.19)

ֶशΛॏͶΔຖʹɺֶश ηtͷখ͘͞ͳ͍ͬͯ͘͜ͱ͕͔ΔɻAdaGrad๏Ͱ

ɺηtͷ͕ 0ʹۙ͠తղऩଋ͢ΔɻঘɺChainerϥΠϒϥϦʹ͓͍ͯɺσϑΥ

ϧτͷύϥϝʔλࣜ (5.20)ɺࣜ (5.21)ͷΑ͏ʹઃఆ͞Ε͍ͯΔɻ

ϵ = 10−8 (5.20)

η0 = 0.001 (5.21)

5.5 Adam๏

Adam๏ 2015ʹDiederik P. KingmaΒʹΑͬͯߟҊ͞Εͨػցֶशख๏Ͱ͋Γɺ

ͦͷཧෳࡶͰ͋ΔɻMomentumAdaGradΛ༥߹ͨ͠ख๏Ͱɺޮతʹύϥ

ϝʔλۭؒΛ୳͢ࡧΔ͜ͱ͕ظͰ͖ΔɻAdam๏ʹɺҎԼͷΑ͏ͳಛ͕͋Δɻ3)

• ͼऩଋ͕͍ٴൖֶश๏ΑΓਫ਼ٯࠩޡ

• όΠΞεิਖ਼͕ߦΘΕΔ

Adam๏ʹΑΔֶशΛ࣌͏ߦɺϋΠύʔύϥϝʔλࣜ (5.22)ɺ(5.23)ɺ(5.24)ɺ(5.25)ʹ

ઃఆ͢Δ͕ࣄจͰਪ͞Ε͍ͯΔɻ

α = 0.001 (5.22)

β1 = 0.9 (5.23)

β2 = 0.999 (5.24)
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ϵ = 10−8 (5.25)

Adam๏ʹΑΔύϥϝʔλमਖ਼ྔͷࣜࢉܭΛࣜ (5.26)ɺࣜ (5.27)ɺࣜ (5.28)ɺࣜ (5.29)ɺ

ࣜ (5.30)ʹࣔ͢ɻ

mt + 1 = β1mt + (1− β1)∇Qi(w) (5.26)

vt = β2vt−1 + (1− β2)∇Qi(w) ◦ ∇Qi(w) (5.27)

m̂t =
mt

1− β1
(5.28)

v̂t =
vt

1− β2
(5.29)

wt = wt−1 − α
m̂t√
v̂t + ϵ

(5.30)

ύϥϝʔλͷॳظΛࣜ (5.31)ɺ(5.32)ࣜʹࣔ͢ɻ

m0 = 0 (5.31)

v0 = 0 (5.32)

Adam๏ʹΑΔֶशͰɺٯࠩޡൖֶश๏ͳͲͷֶश๏ͱҟͳΓɺߋ৽ճͷগ

ͳ͍ύϥϝʔλ͕༏ઌతʹߋ৽͞ΕΔɻ͜ΕʹΑΓɺޯٸ࠷Λબͼ༏ઌతʹԼ͍͛ͯ

͘ͷͰͳ͘ɺͦΕҎ֎ͷํʹ୳ࡧΛਐΊΔ͜ͱͰɺཧ্ہॴతͳ࠷খʹؕ

ΔՄੑ͕͘ͳΔɻ
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ୈ6ষ TensorFlow

6.1 TensorFlow

TensorFlowͱɺGoogle͕ 2015 11݄ʹެ։ͨ͠Φʔϓϯιʔεͷػցֶश͚ι

ϑτΣΞϥΠϒϥϦͰ͋ΔɻσΟʔϓϥʔχϯάରԠͷϥΠϒϥϦͰɺGoogleͷ֤छ

αʔϏεͳͲʹԙ͍ͯ෯׆͘༻͞Ε͍ͯΔɻݱஈ֊ͰC/C++, Python, Java, Go

ͷ4ޠݴ Δɻ·ͨɺTensorFlow͢࡞ରԠ͓ͯ͠ΓɺϚϧνϓϥοτϑΥʔϜͰಈʹ(ޠݴ5)

ʹάϥϑΛՄࢹԽ͢ΔTensorBoard͕͞ࡌΕ͓ͯΓɺՕॴͷൃ͕ݟ༰қʹͳΔ

ͱ͍͏Ͱ༏Ε͍ͯΔɻTensorFlowͷΈಛతͰɺࣸ૾Λఆٛ͢Δ͜ͱͰࢉܭά

ϥϑΛ࡞͍ͯ͘͠ɻࢉܭάϥϑͷ֤ϊʔυΦϖϨʔγϣϯͱݺΕɺࢉܭάϥϑͷ

͚ͯϓϩάϥϜΛ࣮͢Δʹߦஙͱηογϣϯͷ࣮ߏ 6)ɻ

6.2 TensorFlowͷߏจ

6.2.1 άϥϑͷߏங

άϥϑߏஙʹ༻͢ΔΦϖϨʔγϣϯͷதͰɺසൟʹ༻͢ΔΦϖϨʔγϣϯͷ࡞

ํ๏ΛҎԼʹࣔ͢ɻ

• ఆΦϖϨʔγϣϯ

tensorflow.constant()

• มΦϖϨʔγϣϯ

tensorflow.Variable()

• มॳظԽΦϖϨʔγϣϯ

tensorflow.global variables initializer()

• ϓϨʔεϗϧμʕΦϖϨʔγϣϯ

tensorflow.placeholder()

• γάϞΠυؔ

tensorflow.nn.sigmoid()

• ReLUؔ

tensorflow.nn.relu()

• Adam๏
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tensorflow.train.AdamOptimizer()

6.2.2 άϥϑͷ࣮ߦ

άϥϑͷ࣮ํߦ๏ΛҎԼʹࣔ͢ɻop࣮ߦରͱͳΔΦϖϨʔγϣϯͰ͋Δɻ

sess = tensorflow.Session()

sess.run(op)

sess.close()

6.2.3 άϥϑͷอଘ

άϥϑͷอଘʹҎԼͷߏจΛ༻͍Δɻsessอଘ͢ΔηογϣϯΛࣔ͢ɻdirʹอ

ଘઌσΟϨΫτϦΛهड़͢Δɻ

saver = tf.train.Saver()

saver.save(sess, dir)

6.2.4 άϥϑͷ෮ݩ

άϥϑͷ෮ݩʹҎԼͷߏจΛ༻͍Δɻsessอଘ͢ΔηογϣϯΛࣔ͢ɻdirʹอ

ଘઌσΟϨΫτϦΛهड़͢Δɻ

saver = tensorflow.train.Saver()

saver.restore(sess, dir)

6.3 MNIST

MNISTͱɺʮMixed National Institute of Standards and Technology databaseʯͷ

ུͰɺ28ϐΫηϧ x28ϐΫηϧͷखॻ͖จࣈը૾ʹ 0͔Β 9·Ͱͷࣈͷਖ਼ղϥϕϧ͕

༩͑ΒΕ͍ͯΔσʔληοτͰ͋Δɻ܇࿅σʔλը૾ 60,000ຕɺςετσʔλը૾

10,000ຕ༻ҙ͞Ε͓ͯΓɺը૾ೝࣝͷੑධՁʹ͠͠༻͍ΒΕ͍ͯΔɻMNISTͷҰ

ྫΛ Figure6.1ʹࣔ͢ɻ
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Figure 6.1 MNIST data examples6)

6.4 MNISTΛ༻͍ͨΈࠐΈχϡʔϥϧωοτϫʔΫ

6.4.1 TensorFlowͷΠϯϙʔτ

MNISTͷֶशʹPython༻TensorFlowΛ༻͍ΔɻTensorFlowͷΫϥεΛར༻͢Δ

ͨΊʹɺҎԼͷΑ͏ʹ tensorflowϞδϡʔϧΛΠϯϙʔτ͢Δඞཁ͕͋Δɻঘɺֶश

ͷࡍ؆୯ͷͨΊ Pythonͷ asߏจΛ༻͍ͯϞδϡʔϧ໊Λ tfͱϦωʔϜ͓ͯ͘͠ɻ5)

import tensorflow as tf

6.4.2 ݁߹ՙॏͱόΠΞεͷॳظԽ

݁߹ՙॏͷॳظԽͱόΠΞεͷॳظԽΛ͏ߦϝιουΛ࡞͢ΔɻϩʔΧϧϝιουͱ

ʹ͢ΔͨΊɺୈҰҾ࡞ͯ͠ selfෆཁͰ͋Δɻ͜͜Ͱɺ݁߹ՙॏʹ͍ͭͯඪ४ภࠩ

0.1ͷஅਖ਼نɺόΠΞεʹ͍ͭͯ 0.1ͷఆͰॳظԽ͢Δɻ݁߹ՙॏͱόΠΞε

มͰ͋ΔͨΊɺtf.VariableͰΛฦ͢ඞཁ͕͋ΔɻTensorFlowʹ͓͍ͯɺVariable

Ͱߏஙͨ͠มΦϖϨʔγϣϯ࠷దԽͷରͱͳΔɻ5)

def weight_variable(shape):

initial = tf.truncated_normal(shape, stddev=0.1)

return tf.Variable(initial)

def bias_variable(shape):

initial = tf.constant(0.1, shape=shape)

return tf.Variable(initial)
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Figure 6.2 Convolution operation5)

6.4.3 ΈࠐΈͷߏங

ΈࠐΈΛฦ͢ϝιουΛ࡞͢ΔɻΈࠐΈͰ͏ߦॲཧΈࠐΈԋࢉͰ͋Δɻ

͜Εը૾ॲཧʹ͓͚ΔϑΟϧλʔԋࢉʹ૬͢ΔɻΈࠐΈԋࢉͷྫΛ Figure 6.2ʹ

ࣔ͢ɻ5)

def conv2d(x, W):

return tf.nn.conv2d(x, W, strides=[1, 1, 1, 1], padding=’SAME’)

Figure6.2ʹࣔ͢Α͏ʹɺΈࠐΈԋࢉೖྗσʔλʹରͯ͠ϑΟϧλΛద༻͢Δɻ͜

ͷྫͰɺೖྗσʔλॎɾԣͷݩ࣍Λͭ࣋σʔλͰ͋ΔͨΊɺϑΟϧλಉ༷ʹॎɾԣ

ͷݩ࣍Λͭ࣋ɻ͜ͷྫͰɺೖྗαΠζ͕ 4× 4ɺϑΟϧλαΠζ͕ 3× 3ɺग़ྗαΠζ

͕ 2× 2ͱͳΔɻϑΟϧλɺΧʔωϧͱݺΕΔ͜ͱ͋Δɻ

Figure6.2ͷΈࠐΈԋࢉͷྫʹ͓͚Δ࣮ࡍͷԋࢉ༰Λ Figure6.3ʹࣔ͢ɻΈࠐΈ

ԋࢉɺೖྗσʔλʹରͯ͠ϑΟϧλͷΟϯυΛҰఆͷִؒͰεϥΠυͤ͞ͳ͕Β

ద༻͍ͯ͘͠ɻΟϯυͱɺFigure6.3ʹ͓͚Δփ৭ͷ 3×3ͷ෦Λ͢ࢦɻFigure6.3

ʹࣔ͢Α͏ʹɺͦΕͧΕͷॴͰϑΟϧλཁૉͱೖྗͷରԠ͢ΔཁૉΛͦ͠ࢉͷΛ

ΊΔɻͦͯ͠ɺͦͷ݁ՌΛग़ྗͷରԠ͢Δॴʹ֨ೲ͍ͯ͘͠ɻ͜ͷϓϩηεΛ͢ٻ

ͯͷॴͰ͜͏ߦͱͰɺΈࠐΈԋࢉͷग़ྗΛಘΔ͜ͱ͕Ͱ͖Δɻ

ୈ 1ҾೖྗσʔλΛࣔ͠ɺ[σʔλɺೖྗσʔλͷ͞ߴɺೖྗσʔλͷ෯ɺೖྗ

νϟϯωϧ]ͷ Ͱද͞ΕΔɻୈݩ࣍4 2ҾϑΟϧλͰ͋Δɻୈ 3ҾετϥΠυ

Ͱ͋ΓɺϑΟϧλΛద༻͢ΔҐஔͷִؒΛ͍ࣔͯ͠ΔɻετϥΠυ [1, ॎετϥΠυ,
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Figure 6.3 Procedure of calculating convolution operation5)

ԣετϥΠυ, 1]ͷࣜܗͰઃఆ͢Δɻ͜ͷ߹ͷετϥΠυ 1× 1ͱͳ͍ͬͯΔɻೖྗ

αΠζ͕ 7× 7ͷσʔλʹετϥΠυ 2× 2Λઃఆͨ͠߹ͷྫΛFigure6.6ʹࣔ͢ɻୈ 4

ҾύσΟϯάͰ͋ΓɺΈࠐΈͷॲཧΛ͏ߦલʹೖྗσʔλͷपғʹݻఆͷσʔ

λΛຒΊΔॲཧͷ͜ͱͰ͋ΔɻೖྗαΠζ͕ 4× 4ͷσʔλʹ 0ύσΟϯάΛద༻ͨ͠ྫ

Λ Figure6.6ʹࣔ͢ɻ5)
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Figure 6.4 Stride5)

Figure 6.5 Padding5)

6.4.4 ϓʔϦϯάͷߏங

ϓʔϦϯάΛฦ͢ϝιουΛ࡞͢ΔɻϓʔϦϯάೖྗը૾ͷεέʔϧΛখ͘͞

͢ΔԋࢉͰ͋ΔɻFigure6.6ʹࣔ͢Α͏ʹɺ2× 2ͷྖҬΛҰͭͷཁૉʹू͢ΔΑ͏ͳ
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Figure 6.6 Max pooling procedure5)

ॲཧΛ͍ߦɺۭؒαΠζΛখ͍ͯ͘͞͠Δɻ

def max_pool_2x2(x, W):

return tf.nn.max_pool(x, kside=[1, 2, 2, 1],

strides=[1, 2, 2, 1], padding=’SAME’)

Figure6.6ͷྫɺ2× 2ͷMaxϓʔϦϯάΛετϥΠυ 2× 2Ͱͨͬߦ߹ͷॲཧख

ॱͰ͋ΔɻMaxϓʔϦϯά࠷େΛऔΔԋࢉͰ͋Γɺ2× 2ͱରͷྖҬͷαΠζΛ

ද͢ɻετϥΠυ 2× 2ʹઃఆ͍ͯ͠ΔͨΊɺ2× 2ͷΟϯυͷҠಈִؒ 2ཁૉ
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͝ͱʹͳΔɻҰൠతʹɺϓʔϦϯάͷΟϯυαΠζͱετϥΠυಉ͡ʹઃఆ

͢Δɻୈ 1ҾೖྗσʔλͰ͋ΓɺΈࠐΈ͔Βͷग़ྗσʔλΛࣔ͢ɻୈ 2Ҿɺ

ϓʔϦϯάαΠζͰ͋Γɺ[1, ॎϓʔϦϯά, ԣϓʔϦϯά, 1]ͷࣜܗͰද͢ɻྻͷୈ 0

ཁૉͱୈ 3ཁૉʹ͍ͭͯɺετϥΠυͱಉ༷Ͱ͋Δɻ͜ͷ߹ 2 × 2ͷྖҬͰMax

ϓʔϦϯάΛ͍ͯͬߦΔɻ5)

6.4.5 ϓϨʔεϗϧμͷߏங

x = tf.placeholder("float", shape=[None, 784])

y_ = tf.placeholder("float", shape=[None, 10])

ϓϨʔεϗϧμͱɺࢉܭάϥϑͷ࣮࣌ߦʹΛϑΟʔυ͢ΔͨΊʹࣄલʹ֬อͯ͠

͓͘ྖҬΛ͢ࢦɻTensorFlowͰσʔλΛςϯιϧͱͯ͠ѻ͏͕ɺϓϨʔεϗϧμʹ

ϑΟʔυ͢Δςϯιϧͷܕͦͷߏஙࢦʹ࣌ఆ͠ͳ͚ΕͳΒͳ͍ɻMNISTͷೖྗݩ࣍

 28 × 28ͷܭ ݩ࣍͞Εɺग़ྗߏΒ͔ݩ࣍784 0ʙ9ͷܭ ͞ΕΔͨߏΒ͔ݩ࣍10

Ίɺ͜ΕΛड༰͢Δܗঢ়ͷϓϨʔεϗϧμΛߏங͢ΔɻҾʹ NoneΛࢦఆ͢Δͱɺͦ

ͷαΠζΛηογϣϯͷ࣮࣌ߦʹఆΊΔ͜ͱ͕Ͱ͖Δɻ

6.4.6 ୈ1ΈࠐΈɺϓʔϦϯά

W_conv1 = weight_variable([5, 5, 1, 32])

b_conv1 = bias_variable([32])

h_conv1 = tf.nn.relu(conv2d(x_image, W_conv1) + b_conv1)

ୈ 1ΈࠐΈͰ 5× 5αΠζͷϑΟϧλΛద༻ͯ͠ΈࠐΈॲཧΛ͍ߦɺ1νϟϯ

ωϧͷೖྗը૾͔Β 32νϟϯωϧͷಛΛநग़͍ͯ͠ΔɻReLUؔΛద༻͢Δ͜ͱͰɺ

ίϯϐϡʔλʹಛͱͯ͠நग़͞Εͳ͍ෛΛ 0ͱͯ͠ग़ྗ͢Δɻ5)

h_pool1 = max_pool_2x2(h_conv1)
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ୈ 1ϓʔϦϯάͰɺୈ 1ΈࠐΈ͔ΒಘΒΕͨग़ྗʹର͠ϓʔϦϯάΛ͏ߦɻୈ

1ϓʔϦϯάΛ࣌ͨͬߦͰɺ14× 14αΠζɺ32νϟϯωϧͷσʔλͱͳ͍ͬͯΔɻ5)

6.4.7 ୈ2ΈࠐΈɺϓʔϦϯά

W_conv2 = weight_variable([5, 5, 32, 64])

b_conv2 = bias_variable([64])

h_conv2 = tf.nn.relu(conv2d(x_image, W_conv1) + b_conv1)

ୈ 2ΈࠐΈٴͼϓʔϦϯάͰɺୈ 1ͱಉ༷ͷॲཧΛߦͳ͍ͬͯΔɻ͔͠͠ɺୈ

1ϓʔϦϯάͰͷग़ྗ࣌Ͱը૾͕ 14× 14αΠζɺ32νϟϯωϧͷσʔλͱͳ͍ͬͯ

ΔͨΊɺୈ 2ΈࠐΈͰ 32νϟϯωϧ͔Β 64νϟϯωϧͷಛΛநग़͍ͯ͠Δɻ5)

h_pool1 = max_pool_2x2(h_conv1)

ୈ 2ϓʔϦϯάʹ͓͍ͯಉ༷Ͱ͋Γɺୈ 2ϓʔϦϯάΛ࣌ͨͬߦͰɺը૾ 7×7

αΠζɺ64νϟϯωϧͷσʔλͱͳ͍ͬͯΔɻ

6.4.8 ୈ1શ݁߹

ྨΛղͨ͘Ίʹɺશ݁߹Λૠೖ͠ೖྗը૾Λ࠷ऴతʹ ͷϕΫτϧʹมݩ࣍1

Δඞཁ͕͋Δɻશ݁߹ͷ࣮ํ๏ΛҎԼʹࣔ͢ɻ͢

W_fc1 = weight_variable([7*7*64, 1024])

b_fc1 = bias_variable([1024])

h_pool2_flat = tf.reshape(h_pool2, [-1, 7*7*64])

h_fc1 = tf.nn.relu(tf.matmul(h_pool2_flat, W_fc1) + b_fc1)

6.4.9 υϩοϓΞτ

keep_prob = tf.placeholder(tf.float32)

– 25 –



h_fc1_drop = tf.nn.dropout(h_fc1, keep_prob)

աֶशͷରࡦͱͯ͠ɺυϩοϓΞτΛૠೖ͢Δɻաֶशͱɺ܇࿅σʔλͷΈ

ʹର͠աʹֶशͨ͜͠ͱ͕ݪҼͰɺ܇࿅σʔλʹؚ·Εͳ͍σʔλʹର͢Δࣝผਫ਼

͕Լ͢ΔݱΛ͢ࢦɻػցֶशͷඪ൚ԽੑͰ͋Γɺ͋ΒΏΔೖྗը૾ʹର͠ਖ਼

ࣝ͘͠ผͰ͖ΔϞσϧ͕·ΕΔɻχϡʔϩϯΛཚతʹফ͢ڈΔυϩοϓΞτΛ

ૠೖ͢Δ͜ͱʹΑͬͯɺ͜ͷաֶशΛ੍͢ΔޮՌ͕ظ͞ΕΔɻ

6.4.10 ୈ2શ݁ʢಡΈग़͠ʣ

W_fc2 = weight_variable([1024, 10])

b_fc2 = bias_variable([10])

y_conv=tf.nn.softmax(tf.matmul(h_fc1_drop, W_fc2) + b_fc2)

ୈ 1શ݁߹ͰಘΒΕͨϕΫτϧʹιϑτϚοΫεؔΛద༻͢Δ͜ͱͰɺग़ྗΛ

֬ʹม͢Δ͜ͱ͕Ͱ͖Δɻ͜ΕʹΑΓɺୈ 2શ݁߹Ͱೖྗσʔλ͕Ͳͷࣈʹ

͍͔ۙɺଈͪͲͷਖ਼ղϥϕϧʹྨ͞ΕΔ͔Λผ͍ͯ͠Δɻ

6.4.11 Ϟσϧͷ܇࿅ͱධՁ

cross_entropy = -tf.reduce_sum(y_*tf.log(y_conv))

train_step = tf.train.AdamOptimizer(1e-4).minimize(cross_entropy)

sess.run(tf.initialize_all_variables())

for i in range(20000):

batch = mnist.train.next_batch(50)

train_step.run(feed_dict={x: batch[0], y_: batch[1], keep_prob: 0.5})

ଛࣦؔʹΫϩεΤϯτϩϐʔࠩޡΛɺ࠷దԽख๏ʹAdam๏Λ༻͍ΔɻTensor-

FlowͰɺ͜ ΕΒͷॲཧΛ্هͷΑ͏ʹ؆ܿʹهड़͢Δ͜ͱ͕ՄͰ͋Δɻtf.train.AdamOptimizer

ͷୈ 1ҾʹɺֶशΛࢦఆ͢Δɻ
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ୈ7ষ ݧ࣮

7.1 ઃܭ

AIͷΫϥεਤΛͨ͠࡞੍ Figure7.1ʹࣔ͢ɻ

7.1.1 ೖྗσʔλ

Table7.1ͷΑ͏ͳ 1ͭͷہ໘ɺTable7.2ʹࣔ͢Α͏ʹɺԿஔ͔Ε͍ͯͳ͍ϚεΛ

0ɺ͕ۨࠇஔ͔Ε͍ͯΔϚεΛ 1ɺന͕ۨஔ͔Ε͍ͯΔϚεΛ−1ʹม͠ѻ͏ɻ

7.2 ࡞1ɿ6x6ϦόʔγAIͷݧ࣮

7.2.1 ߸৴ࢣڭ

6x6Ϧόʔγͷ࠷ળख 1993ʹΠΪϦεͷऀڀݚ Joel FeinsteinʹΑͬͯղ໌͞Ε

͍ͯΔͨΊɺ͜ΕΛࢣڭ৴߸ͱͯ͠༻͍Δɻ͓࠷͕͍ޓળखΛଧͪଓ͚ͨ߹ͷશͯͷ

໘ͷධՁΛҰہ 100ͱͯ͠ೖྗ͠ɺֶश 10000ճ͏ߦͷͱ͢Δɻֶशʹೖ

ྗɺΈࠐΈͱϓʔϦϯά֤ 4ɺυϩοϓΞτɺग़ྗͷશ 11Ͱߏங͞

ΕͨҰൠతͳΈࠐΈχϡʔϥϧωοτϫʔΫΛ༻͍ΔɻୈҰΈࠐΈͰɺ5× 5× 1

ͷαΠζͷϑΟϧλΛετϥΠυ 1Ͱద༻͠ɺ32chͷσʔλΛநग़͢ΔɻpaddingҾ

 sameͱઃఆ͠ɺϑΟϧλʹΑͬͯεέʔϧ͕ॖ·ͳ͍Α͏θϩύσΟϯάΛ͏ߦɻ׆

ੑԽؔʹReLUΛ༻͍ΔɻୈҰϓʔϦϯάͰɺ2× 2ͷαΠζɺ2× 2ͷετϥ

ΠυͰMAXϓʔϦϯάΛ͏ߦɻҎ߱ͷϓʔϦϯάͰɺ͜Εͱಉ͡ߏஙͰઃ͢ܭΔɻ

ୈೋΈࠐΈͰɺ5× 5× 32ͷαΠζͷϑΟϧλΛετϥΠυ 1Ͱద༻͠ɺ64chͷ

σʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱಉ༷ʹઃఆ͢Δɻୈ

ΈͰɺ5ࠐΈࡾ × 5 × 64ͷαΠζͷϑΟϧλΛετϥΠυ 1Ͱద༻͠ɺ256chͷ

σʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱಉ༷ʹઃఆ͢Δɻୈ

×ΈͰɺ5ࠐΈ࢛ 5× 256ͷαΠζͷϑΟϧλΛετϥΠυ 1Ͱద༻͠ɺ256chͷ

σʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱಉ༷ʹઃఆ͢Δɻυ

ϩοϓΞτͷυϩοϓΞτɺ0.5ͱ࣮ͯ͢͠Δɻ
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Figure 7.1 Class diagram

7.2.2 Ռ݁ݧ࣮

1000ճରઓͤͨ࣌͞ͷରઓ݁ՌΛTable7.3ʹࣔ͢ɻදதͷɺܾண࣌ͷੴͷฏۉ

Ͱ͋Δɻ·ͨɺֶश࣌ʹ͓͚ΔଛࣦͷมԽΛFigure7.2ʹࣔ͢ɻάϥϑͷԣֶ࣠शճ

Λ͓ࣔͯ͠Γɺॎ࣠ଛࣦΛ͍ࣔͯ͠Δɻ
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Table 7.1 Board state 1

˓

˓ ˓ ˔

˔ ˔ ˓ ˔ ˓ ˔

˓ ˔ ˓ ˓ ˓

˓

˔ ˓ ˔

˓

Table 7.2 Board state 2

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0

0 0 0 -1 0 0 0 0 0 0

0 0 0 -1 -1 0 1 0 0 0

0 1 1 -1 1 -1 1 0 0 0

0 0 0 -1 1 -1 -1 -1 0 0

0 0 0 0 -1 0 0 0 0 0

0 0 0 0 1 -1 1 0 0 0

0 0 0 0 0 0 -1 0 0 0

0 0 0 0 0 0 0 0 0 0

7.2.3 ߟ

ϥϯμϜಉ࢜ͷରઓ݁Ռ͔Βɺ6× 6ϚεͷϦόʔγͰޙख͕ 2ੴ΄Ͳ༏ҐͰ͋Δͱ

ΑΓ࣌ͷ࢜ΔͱɺϥϯμϜಉݟख͕ϥϯμϜͷରઓ݁ՌΛޙΒΕΔɻઌख͕AIɺ͑ߟ

 1ੴ΄Ͳੴ͕ଟ͘ͳ͍ͬͯΔ͕ࣄ͔Δɻ͜ͷ݁Ռ͔Βɺ͓࠷͕͍ޓળखΛଧͪଓ
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Figure 7.2 Loss - 6x6

Table 7.3 Match result - 6x6

[pieces]
2nd move

AI Random

1st move
AI - 17.782 / 18.152

Random 17.222 / 18.735 16.950 / 19.002

͚ͨ߹ͷ Λֶशͤͨ͞߹ɺAIઌखͳΒہ1 1ੴ΄ͲڧԽ͞ΕΔͱ͑ߟΒ

ΕΔɻઌख͕ϥϯμϜɺޙख͕AIͷରઓ݁ՌΛݟΔͱɺϥϯμϜಉ࢜ͷ࣌ΑΓ 0.2

ੴ΄Ͳੴ͕গͳ͘ͳ͍ͬͯΔ͜ͱ͕͔Δɻ͜ͷ݁Ռ͔Βɺࠓճͷ࣮ݧͰ༻ֶ͍ͨश

ख๏Ͱޙख൪ͷ߹͔ۇʹऑԽͯ͠͠·͏ͱ͑ߟΒΕΔɻ͜ͷݪҼͱͯ͠ɺҎԼͷ 3

ͭͷՄੑ͕͑ߟΒΕΔɻ

• 6× 6ϚεͷϦόʔγͷֶशʹ͓͍ͯɺࠓճͷ࣮ݧͰߏஙͨ͠ΈࠐΈχϡʔϥϧ

ωοτϫʔΫ͕దͳߏஙͰͳ͔ͬͨ

• ৴߸ͱͯ͠༩͑ͨධՁ͕దͳͰͳ͔ͬͨࢣڭ
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• ࿅σʔληοτͷֶ͕शʹेͰͳ͔ͬͨ܇

7.3 ࡞2ɿύʔϑΣΫτɾϦόʔγAIͷݧ࣮

7.3.1 ߸৴ࢣڭ

ળख͕໌͍ͯ͠Δ࠷ 6× 6ͷϦόʔγͱҟͳΓɺύʔϑΣΫτɾϦόʔγAIͷֶ

शʹ༻͍Δ܇࿅σʔλʹ༷ʑͳͷ͕ީิͱͯ͛͠ڍΒΕΔɻࠓճͷ࣮ݧͰɺʮ֯Λ

औΔख͕༗ྗखͰ͋ΔՄੑ͕͍ߴʯͱ͍͏Ծઆʹ͖ͮجɺͦΕΒͷखΛଧͬͨہ໘ͱ

໘ΛධՁہ෧ͨ͠ 1000ͱͯ͠ೖྗ͢Δɻֶश࣮ݧ 1ͱಉ༷ɺ10000ճ͏ߦͷ

ͱ͢ΔɻֶशʹೖྗɺΈࠐΈͱϓʔϦϯά֤ 5ɺυϩοϓΞτɺग़ྗ

ͷશ 13Ͱߏங͞ΕͨҰൠతͳΈࠐΈχϡʔϥϧωοτϫʔΫΛ༻͍ΔɻୈҰΈ

×ΈͰɺ5ࠐ 5× 1ͷαΠζͷϑΟϧλΛετϥΠυ 1Ͱద༻͠ɺ32chͷσʔλΛந

ग़͢ΔɻpaddingҾ sameͱઃఆ͠ɺϑΟϧλʹΑͬͯεέʔϧ͕ॖ·ͳ͍Α͏θϩ

ύσΟϯάΛ͏ߦɻੑ׆ԽؔʹReLUΛ༻͍ΔɻୈҰϓʔϦϯάͰɺ2× 2ͷα

Πζɺ2× 2ͷετϥΠυͰMAXϓʔϦϯάΛ͏ߦɻҎ߱ͷϓʔϦϯάͰɺ͜Εͱ

ಉ͡ߏஙͰઃ͢ܭΔɻୈೋΈࠐΈͰɺ5 × 5 × 32ͷαΠζͷϑΟϧλΛετϥΠ

υ 1Ͱద༻͠ɺ64chͷσʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈ

ͱಉ༷ʹઃఆ͢ΔɻୈࡾΈࠐΈͰɺ5× 5× 64ͷαΠζͷϑΟϧλΛετϥΠυ 1

Ͱద༻͠ɺ256chͷσʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱ

ಉ༷ʹઃఆ͢Δɻୈ࢛ΈࠐΈͰɺ5× 5× 256ͷαΠζͷϑΟϧλΛετϥΠυ 1

Ͱద༻͠ɺ256chͷσʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱ

ಉ༷ʹઃఆ͢ΔɻୈޒΈࠐΈͰɺ5× 5× 256ͷαΠζͷϑΟϧλΛετϥΠυ 1

Ͱద༻͠ɺ256chͷσʔλΛநग़͢ΔɻύσΟϯάٴͼੑ׆ԽؔୈҰΈࠐΈͱ

ಉ༷ʹઃఆ͢ΔɻυϩοϓΞτͷυϩοϓΞτɺ0.5ͱ࣮ͯ͢͠Δɻ

7.3.2 Ռ݁ݧ࣮

1000ճରઓͤͨ࣌͞ͷରઓ݁ՌΛTable7.4ʹࣔ͢ɻදதͷɺܾண࣌ͷੴͷฏۉ

Ͱ͋Δɻ·ͨɺֶश࣌ʹ͓͚ΔଛࣦͷมԽΛFigure7.3ʹࣔ͢ɻάϥϑͷԣֶ࣠शճ

Λ͓ࣔͯ͠Γɺॎ࣠ଛࣦΛ͍ࣔͯ͠Δɻ

– 31 –



Figure 7.3 Loss - 10x10

Table 7.4 Match result - 10x10

[pieces]
2nd move

AI Random

1st move
AI - 49.216 / 50.555

Random 49.443 / 50.555 49.894 / 50.103

7.3.3 ߟ

ϥϯμϜಉ࢜ͷରઓ݁Ռ͔Βɺ10× 10ϚεͷϦόʔγͰޙख͕ 0.2ੴ΄Ͳ༏ҐͰ

͋Δͱ͑ߟΒΕΔɻઌख͕AIɺޙख͕ϥϯμϜͷରઓ݁ՌΛݟΔͱɺϥϯμϜಉ࢜ͷ࣌

ΑΓ 0.7ੴ΄Ͳੴ͕গͳ͘ͳ͍ͬͯΔ͕ࣄ͔Δɻ͜ͷ݁Ռ͔Βɺࠓճͷ࣮ݧͰ

༻ֶ͍ͨशख๏Ͱઌख൪ͷ߹͔ۇʹऑԽͯ͠͠·͏ͱ͑ߟΒΕΔɻઌख͕ϥϯμϜɺ
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ΑΓ࣌ͷ࢜ΔͱɺϥϯμϜಉݟख͕AIͷରઓ݁ՌΛޙ 0.5ੴ΄Ͳੴ͕ଟ͘ͳͬ

͍ͯΔ͕ࣄ͔Δɻ͜ͷ݁Ռ͔Βɺޙख൪ͷ߹ࠓճͷ࣮ݧͰ༻ֶ͍ͨशख๏Ͱ 0.5

ੴ΄ͲAI͕ڧԽ͞ΕΔͱ͑ߟΒΕΔɻઌख൪Ͱੴ͕গͳ͘ͳͬͨݪҼͱͯ͠ɺҎԼ

ͷ 3ͭͷՄੑ͕͑ߟΒΕΔɻ

• 10× 10ϚεͷϦόʔγͷֶशʹ͓͍ͯɺࠓճͷ࣮ݧͰߏஙͨ͠ΈࠐΈχϡʔϥ

ϧωοτϫʔΫ͕దͳߏஙͰͳ͔ͬͨ

• ৴߸ͱͯ͠༩͑ͨධՁ͕దͳͰͳ͔ͬͨࢣڭ

• ࿅σʔληοτͷֶ͕शʹेͰͳ͔ͬͨ܇

ಛʹɺ10× 10ϚεͷϦόʔγʹ͓͍ͯ௨ৗͷϦόʔγͱൺͯ໌֬ʹ༏ͱஅͰ͖

Δہ໘͕গͳ͘ɺࢣڭ৴߸ʹ͕ඞཁͰ͋Δͱ͑ߟΔɻ
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ୈ8ষ ݁

ຊڀݚͰɺύʔϑΣΫτɾϦόʔγͱݺΕΔ 10× 10Ϛεͷେ൫ϦόʔγAIʹର

͠ɺΈࠐΈχϡʔϥϧωοτϫʔΫΛ༻ֶ͍ͯशΛ͜͏ߦͱΛࢼΈͨɻ·ͨɺύʔϑΣ

ΫτɾϦόʔγʹՃ͑ͯ 6× 6Ϛεͷখ൫ϦόʔγAIΛ੍͠࡞ɺগͳֶ͍शσʔλ͔

ΒͲΕఔͷੑ্ΛࠐݟΊΔ͔ʹ͍ͭͯͷূݕΛͨͬߦɻ݁Ռͱͯ͠ɺ6× 6ϚεͷϦ

όʔγʹ͓͍ͯएׯͷੑݟ্͕ΒΕ͕ͨɺύʔϑΣΫτɾϦόʔγʹ͓͍ͯੑ

ͷ্͕༨ΓݟΒΕͳ͔ͬͨɻֶशճ 1ສճ࣌ʹ͓͍ͯɺֶशͨ͠खࣗମ͠ࢦ

͍ͯΔ͜ͱ͔Βɺֶशͦͷͷޮతʹ͜͏ߦͱ͕Ͱ͖͍ͯΔͱ͑ߟΒΕΔ͕ɺ͍ͣ

ΕͷAIʹ͓͍ͯ͞ڧͱ͍͏Ͱ֮·͍͠ੑݟ্͕ΒΕͣɺࠓճͷ࣮ݧͰ༻͍

ɻͨͬࢸʹ࿅σʔλͰֶशʹෆదͰ͋Δͱ͍͏݁܇ͨ

Ͱ༻͍ͨχϡʔϥϧωοτϫʔΫɺԿΕݧճͷ࣮ࠓ 10Λ͑Δඇৗʹਂ͍χϡʔ

ϥϧωοτϫʔΫͰ͕͋ͬͨɺ͜ͷΑ͏ͳਂχϡʔϥϧωοτϫʔΫɺߋʹαΠζ

ͷେ͖͍Ϧόʔγɺͦͯ͠ಉ༷ͷख๏ͰֶशՄͳνΣεғޟʹ͓͍ͯޮՌతͰ͋Δ

ͱ༧͞ΕΔɻͨͩ͠ɺࢣڭ৴߸ʹ͕ඞཁͰɺ֤ہ໘ͷධՁͷఆΊํͷੋඇ

Ұ֓ʹܾఆ͢Δ͜ͱͰ͖ͳ͍ɻAIͷରઓ݁ՌΛݟΔͱɺࢣڭ৴߸ʹΑͬͯઌޙͰ༏

ੑΛ͍ࣔͯ͠Δɻͦͷੑ࣭ಛʹύʔϑΣΫτɾࠔస͢ΔͳͲɺධՁͷܾఆͷٯ͕ྼ

ϦόʔγͷΑ͏ʹ൫͕େ͖͘ɺෆ֬ఆཁૉ͕ଟ͘ͳͬͯ͠·͏߹ʹݦஶͰɺং൫ͱऴ

൫Ͱܗ͕ٯస͢ΔՄੑ͕͘ߴͳΔͨΊɺධՁͷܾఆ͕ΑΓࠔͱͳΔɻࠓճͷ࣮

Ͱ༻͍ͨධՁͷఆΊํҎ֎ͰɺϦόʔγͷ։์ཧΛ༻͍ͨఆΊํͳͲ͕ީิݧ

ͱͯ͛͠ڍΒΕΔɻ

ʹஙߏͰɺχϡʔϥϧωοτϫʔΫͷݧճͷ࣮ࠓ TensorFlowϥΠϒϥϦΛ༻͍ͨ

͕ɺTensorFlowԋࢉ࠷దԽͳͲͷ෦తͳॲཧΛؾʹͤͣʹιʔείʔυΛهड़

͢Δ͕ࣄͰ͖ΔͨΊɺ্࣮ͷόά͕ੜ͡ʹ͍͘ͱ͍͏ར͕͋ΔɻTensorFlowʹ

TensorBoardͱ͍͏ࢉܭάϥϑΛՄࢹԽ͢Δػ͞ࡌΕ͓ͯΓɺෆ۩߹ΛՄࢹԽͰ

͖Δͱ͍͏ɺόάΛੜ͡ʹͤ͘͘͞ΔཁҼͷ 1ͭͱͳ͍ͬͯΔɻ

TensorFlowΛ࢝Ίͱͯ͠ɺChainerKerasͳͲɺࠓͰଟ͘ͷػցֶश͚ϥ

ΠϒϥϦ͕͢Δ͕ɺ͜ΕΒͷΑ͏ͳྗڧͳαϙʔτπʔϧ͕ΑΓҰੈؒʹਁಁ͠ɺՊ

ֶٕज़ͷൃలͪΖΜͷ͜ͱɺۀاڭҭͱ͍ͬͨํ໘Ͱ෯׆͘༻͞Ε͍ͯ͘͜

ͱΛ͍͍ͨئɻ
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8.1 ँࣙ

ຊڀݚΛਐΊΔʹ͋ͨΓɺޚଟதʹؔΘΒͣଟେͳ͝ࢦಋΛࣀΓ·ͨ͠ग़ޱརݑ

ઌੜʹਂ͘͢ँײΔͱڞʹɺಉڞ͍͓ͯʹࣨڀݚʹษֶʹྭΜͩٱอాצଠࢯɺҴ֞

ఱేࢯɺதҰੜྱޚ͘ްʹࢯΛਃ্͛͠·͢ɻ
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