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Abstract

Recently, the reserch of Artificial Intelligence is applied to various fields of discipline

and keep developing rapidly during about 70 years after it was born in Dartmouth confer-

ence. Deep Reinforcement Learning is a field which is recently and specially interested in

Artifitial Intellingence. The reasons why it can become to decide everything very rapidly

and precisely combining the best regression of Deep Learning with the best decision of

Reinforcement Learning on a problem having big computational complexity.

In this reserch, we apply the DQN algorithm combined NFQ argorithm which is a one

of Deep Reinforcement Learning Algorithms to a game of 8x8 Reversi because we don’t

have a computer which is embedded Tensor Processer Unit. First, I attempt to choose

the best hyper parameters, size of networks and quantity of neurons using its algorithm

from random records of Cartpole problem. Second, we apply to 8x8 Reversi and examine

the performance of all AI’s which are made using Keras in TensorFlow on a construction

of Combolutional Neural Networks using Deep Learning. As a result, we found that its

AI could initially success to learn 8x8 Reversi strategies using the best hyper parameters

with the size of networks and the number of neurons selected through pre-Exp. However,

its AI failed in the middle (Table 1). Therefore, in order not to fail to learn, we should

make its AI learn itself using pure DQN algorithm.
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Table 1 DQN AI’s win rate

episode MTS:100 Random

0 0

1 0.3 0.8

2 0.5 0.8

3 0.2 1.0

4 0.7 0.9

5 0.3 0.9

6 0.3 0.9

7 0.4 0.9

8 0.4 1.0

9 0.4 0.9
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Chapter 1 Introduciton

ਓ޻஌ೳ (AI)ͱ͍͏ڀݚ෼໺͕ɺμʔτϚεձٞͰ஀ੜ͔ͯ͠Β໿ 70೥΋ͷؒɺ༷ʑ

ͳ෼໺ͰԠ༻͞Εࡏݱ΋ٸ଎ͳൃలΛଓ͚͍ͯΔɻԠ༻ྖҬ͸ଟذʹ౉ΓɺԻ੠ɾը૾

ೝࣝͳͲͷ৘ใֶͷΈͳΒͣɺҩֶ΍ֶࡁܦͳͲੈ࣮ݱքͷ͋ΒΏΔ෼໺Ͱར༻͞Εͯ

͍Δɻਂ૚ڧԽֶशͱ͸ɺਓ޻஌ೳͱ͍͏ڀݚ෼໺ʹ͓͍ͯۙ೥ಛʹ஫໨Λཋͼ͍ͯΔ

෼໺Ͱ͋ΔɻͦͷओͨΔཁҼ͸ɺലେͳྔࢉܭΛͭ࣋໰୊ʹ͓͍ͯɺਂ૚ֶशʹΑΔඇ

ৗʹ༏ΕͨճؼͱڧԽֶशʹΑΔ༏Εͨ࠷ળ൑அΛ૊Έ߹ΘͤΔ͜ͱͰɺඇৗʹૣ͘࠷

ળ൑அΛԼ͢͜ͱ͕Մೳͱͳ͔ͬͨΒͰ͋Δɻ1)

ຊڀݚͰ͸ɺਂ૚ڧԽֶशͷΞϧΰϦζϜͷҰͭͰ͋ΔɺDQNΛ Cartpole໰୊ʹద

༻͠ɺ࠷ળͳϋΠύʔύϥϝʔλͷબఆ΍ɺ࠷దͳωοτϫʔΫαΠζΛબఆ͠ɺϥϯ

μϜੜ੒ͨ͠ේ໘͔ΒڧԽֶशΛࢼΈΔɻਂ૚ֶश໘Ͱ༻͍Δ৞ΈࠐΈχϡʔϥϧωο

τϫʔΫͷߏஙʹ͸ɺػցֶश͚޲ϥΠϒϥϦͰ͋ΔɺTensorFlowͷKerasΛ༻͍Δɻ

ͦͷޙɺબఆͨ͠࠷దͳϋΠύʔύϥϝʔλͱ࠷దͳωοτϫʔΫαΠζΛɺ8x8ͷϦ

όʔγʹద༻͠ɺ੍ͨ͠࡞AI͢΂ͯͷੑೳΛൺֱݕ౼͢Δɻ
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Chapter 2 Neural Network

2.1 Neural Network

χϡʔϥϧωοτϫʔΫͱ͸ɺਓؒͳͲੜମͷ೴ػೳʹΈΒΕΔ͍͘Β͔ͷಛੑʹࣅ

ͨ਺ཧతϞσϧͰ͋Γɺγφϓεͷ݁߹ʹΑΓωοτϫʔΫΛܗ੒ͨ͠ਓ޻χϡʔϩϯ

(ϊʔυ)͕ɺֶशʹΑΓγφϓεͷ݁߹ڧ౓ΛมԽͤͯ͞ɺճؼ΍෼ྨͳͲͷ໰୊ղܾ

ΛਤΔख๏Ͱ͋Δɻ2)

2.1.1 Neuron

χϡʔϩϯͱ͸ɺFigure 2.1 ʹࣔ͢Α͏ͳੜମͷਆܥܦΛߏ੒͢Δࡉ๔Ͱ͋Δɻਓମ

ͷ೴ʹ͸ɺ໿ 1000ԯʙ2000ԯݸ΋ͷχϡʔϩϯ͕ଘ͢ࡏΔͱ͍ΘΕ͓ͯΓɺχϡʔϩϯ

ͷࡉ๔ମҰͭҰ͔ͭΒ࣠ࡧͱɺෳࢬʹࡶ෼͔Ε͍ͯ͠Δथঢ়ಥ͕ىग़͍ͯͯɺͦΕΒ͕

ผͷχϡʔϩϯͱ͕ܨΓ߹ͬͯɺෳࡶͳωοτϫʔΫΛܗ੒͍ͯ͠Δɻ

χϡʔϩϯʹ͸৘ใ఻ୡͷ໾໨͕͋Δɻχϡʔϩϯͷ৘ใ఻ୡํ๏͸ೖྗܹࢗʹΑΓ

χϡʔϩϯʹ׆ಈిҐ͕ൃੜ͠ɺ͔࣠ࡧΒऴ୺෦΁ͱిҐ͕౸ୡͨ͠ΒͦͷిҐʹΑͬ

ͯిҐґଘੑΧϧγ΢ϜΠΦϯνϟωϧ͕։͘͜ͱͰɺχϡʔϩϯͷ͗ܨ໨ʹଘ͢ࡏΔ

ͷड༰ମ΁ͱ఻ୡى଄Ͱ͋Δγφϓε΁ͱ৘ใ͕์ग़͞Εɺผͷχϡʔϩϯͷथঢ়ಥߏ

͞ΕΔɻ͋Δχϡʔϩϯʹෳ਺ͷχϡʔϩϯ͔Βೖྗͨ͠Γɺೖྗܹࢗͷڧ౓ͳͲʹΑͬ

ΘΕͨΓ͢ΔɻߦಈిҐͷൃੜᮢ஋΋มԽͤͨ͞Γ͢Δ͜ͱͰɺ৘ใͷ෇Ճ͕׆ͯ

2.1.2 Neuron Modeling

Ίͯ؆ૉԽۃͷχϡʔϥϧωοτϫʔΫͰ͸ɺੜମχϡʔϩϯͷ৘ใ఻ୡํ๏Λࡍ࣮

ͨ͠ɺFigure 2.2ʹࣔ͢Α͏ͳೖྗ૚ͱग़ྗ૚ͷΈଘ͢ࡏΔਓ޻χϡʔϩϯϞσϧʹஔ

Ͱ͋Δऀֶػࢉܭར༻͢Δɻ͜Ε͸৺ཧֶऀɾͯ͑׵͖ Frank Rosenblatt ͕։ൃͨ͠΋

ͷͰɺ୯७ύʔηϓτϩϯͱ΋ݺ͹ΕΔɻ

͜ͷχϡʔϩϯϞσϧͷग़ྗ y ͸ɺࣜ (2.2)ͷΑ͏ʹ͞ࢉܭΕΔɻ͜͜Ͱɺ xi ͸ i൪

໨ͷೖྗɺ wi ͸ i൪໨ͷ݁߹ՙॏɺ f ͸ੑ׆Խؔ਺Ͱ͋Δɻ

u =
n∑

i=1

xiwi (2.1)

y = f(u) (2.2)
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Figure 2.1 Neuron

Figure 2.2 Simple Perceptron

2.1.3 Activation Function

Խؔ਺͸఻ୡؔ਺ੑ׆ (Transfer Function)ͱ΋ݺ͹ΕɺχϡʔϥϧωοτϫʔΫʹ͓

͍ͯઢܗมޙ׵ʹద༻͢Δඇઢؔܗ਺ɾ߃౳ؔ਺ͷ͜ͱΛ͢ࢦɻੑ׆Խؔ਺ʹ͸͍ͭ͘

͔ͷछྨ͕͋Δ͕ɺ୅දతͳ΋ͷΛ࣍ʹࣔ͢ɻ
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Figure 2.3 Step function

• Step function(Figure 2.3)

y =

⎧
⎪⎪⎨

⎪⎪⎩

1 (u > 0)

0 (u ≤ 0)
(2.3)

• Sigmoid function(Figure 2.4)

y =
1

1 + e−u
(2.4)

• ReLU function(Figure 2.5)

y =

⎧
⎪⎪⎨

⎪⎪⎩

u (u > 0)

0 (u ≤ 0)
(2.5)
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Figure 2.4 Sigmoid function
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Figure 2.5 ReLU function
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Figure 2.6 Mean Squared Error

2.1.4 Loss Function

ଛࣦؔ਺ͱ͸ɺճؼ΍෼ྨʹ͓͍ͯࢣڭσʔλͱͷଛࣦ Λఆٛ͢Δؔ਺Ͱ͋(ࠩޡ)

ΔɻχϡʔϥϧωοτϫʔΫͰ͸͜ͷଛࣦΛ࠷খݶʹ͢Δ໾ׂ͕͋ΔͷͰɺଛࣦؔ਺ͷ

બ୒͸ɺ໰୊΍ڥ؀ʹΑͬͯมΘΔ͜ͱ͕͋Δɻଛࣦؔ਺ͱͯ͠୅දతͳ΋ͷΛҎԼʹ

Δɻ͛ڍ

ʙճؼʙ

• ฏۉೋ৐ਖ਼نԽੑࠩޡೳؔ਺ (mse)

Ұൠతͳଛࣦؔ਺Ͱ͋Δɻσʔλ͕ਖ਼ن෼෍ͩͱ͑ߟΒΕΔࡍͷ࠷໬ਪఆ (Fig-

ure 2.6)ɻ

͜͜ͰɺଛࣦΛ e ɺଛࣦؔ਺Λ L ͱ͢Δɻ

• Huberؔ਺

ֶशσʔλͷ֎Ε஋ʹӨ͞ڹΕʹ͍͘ଛࣦؔ਺Ͱ͋Δɻओʹɺϩόετճؼʹ༻

͍ΒΕΔɻ

• τ -෼Ґଛࣦؔ਺

ద஋͔Βෛଆʹ཭Ε͍ͯΔ͔ɺਖ਼ଆʹ཭Ε͍ͯΔ͔Ͱଛࣦྔ͕มΘΔଛࣦؔ਺࠷
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Figure 2.7 Logistics function

Ͱ͋Δɻओʹɺ෼Ґ఺ճؼʹ༻͍ΒΕΔɻ

• ϵ-ײ౓ଛࣦؔ਺

্ख͘ճؼͰ͖͍ͯͳ͍֎Ε஋ʹରͯ͠ͷΈॏ఺తʹֶशΛਐΊ͍ͯ͘ଛࣦؔ਺

Ͱ͋ΔɻओʹɺαϙʔτϕΫτϧϚγϯʹ༻͍ΒΕΔɻ

ʙ෼ྨʙ

• 0-1ଛࣦؔ਺

෼ྨΛؒҧ͑ͨճ਺Λ਺͑Δଛࣦؔ਺Ͱ͋Δɻ୯७ύʔηϓτϩϯͷֶशੑೳධ

Ձʹར༻͞Ε͍ͯͨɻ

• Logisiticsؔ਺

ଛࣦ͕ 0ʹͳΔ͜ͱ͕ͳ͍͕ɺଛࣦͷେ͖͞Ͱ෼ྨ͕੒ޭ͍ͯ͠Δ͔Ͳ͏͔͕൑

அͰ͖Δଛࣦؔ਺Ͱ͋ΔɻओʹɺLogisticsճؼͰ༻͍ΒΕΔ (Figure 2.7)ɻ

͜͜ͰɺଛࣦΛ t− f ɺؔ਺Λ L ͱ͢Δɻ

• Hingeؔ਺

͋Δ఺͔ΒෛଆʹଛࣦΛ༩͑Δଛࣦؔ਺Ͱ͋ΔɻओʹɺαϙʔτϕΫτϧϚγϯ

Ͱ༻͍ΒΕΔଛࣦؔ਺ɻ
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Figure 2.8 Multilayer Perceptron

2.1.5 Multilayer Perceptron

ଟ૚ύʔηϓτϩϯͱ͸ Figure 2.8ʹࣔ͢Α͏ͳɺ୯७ύʔηϓτϩϯʹதؒ૚Λ 1

૚௥Ճͨ͠ 3૚ͷϊʔυ͕ଘ͢ࡏΔύʔηϓτϩϯͰ͋Δɻ͜ͷϞσϧ͸ɺೝ஌৺ཧݚ

Ͱ͋Δऀڀ David E. Rumelhart ΒʹΑΓ։ൃ͞Εͨɻ·ͨଟ૚ύʔηϓτϩϯ͸ɺ୯

૚ύʔηϓτϩϯͰ͸ٻղෆೳͰ͋ͬͨઢܗඇ෼཭ͳ໰୊ΛٻղՄೳͰ͋Δɻ

2.2 Deep Learning

σΟʔϓϥʔχϯάͱ͸ɺதؒ૚Λ 2૚Ҏ্ʹ૿΍ͨ͠χϡʔϥϧωοτϫʔΫΛ༻

ցֶशख๏ͷ͜ͱͰ͋ΔɻσΟʔϓϥʔχϯάٕज़ͷొ৔ҎલͰ͸ɺೖྗɾग़ྗ૚ػ͍ͨ

ؚΉ 4૚Ҏ্ͷਂ૚χϡʔϥϧωοτϫʔΫʹ͸ہॴ࠷దղ໰୊΍ޯ഑ফࣦ໰୊ͳͲͷ

໰୊͕ଘ͍ͨͨͯ͠ࡏΊɺ࣮༻Խʹ͸ࢸΒͳ͔ͬͨɻ͔͠͠ɺίϯϐϡʔλՊֶٴͼೝ

஌৺ཧֶऀڀݚͰ͋Δ Geoffrey Everest Hinton Βͷٯࠩޡ఻೻๏ɺϘϧπϚϯϚγϯɺ

ΦʔτΤϯίʔμ΍σΟʔϓϏϦʔϑωοτϫʔΫΛ։ൃͨ͠੒ՌʹΑΓɺ2010೥୅ʹ

ͳͬͯॳΊͯਂ૚ʹ͓͚ΔχϡʔϥϧωοτϫʔΫΛ༻͍࣮ͨ༻తͰޮ཰తͳֶश͕Մ

ೳͱͳͬͨɻσΟʔϓχϡʔϥϧωοτϫʔΫͷ୅දతͳ΋ͷͱͯ͠ɺҎԼͷΑ͏ͳ΋

ͷ͕ଘ͢ࡏΔɻ

• ɹ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ
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• ɹελοΫυΦʔτΤϯίʔμ

• ɹࠩ࢒χϡʔϥϧωοτϫʔΫ

• ɹఢରతੜ੒ωοτϫʔΫ

• ɹϘϧπϚϯϚγϯ

• ɹճܕ߹݁ؼχϡʔϥϧωοτϫʔΫ

2.2.1 Convolutional Neural Network

৞ΈࠐΈχϡʔϥϧωοτϫʔΫͱ͸ɺॱ఻೻ܕσΟʔϓχϡʔϥϧωοτϫʔΫͷ

ҰछͰ͋Δ (Figure 2.9)ɻ ओʹը૾ೝࣝɾಈըೝࣝɾԻ੠ೝࣝͳͲͷ෼໺Ͱ͘޿༻͍Β

Ε͓ͯΓɺಛʹը૾ೝࣝʹؔ͢Δڀݚʹ͓͍ͯ͸ɺσΟʔϓϥʔχϯάʹΑΔֶशख๏

ͷ΄΅શ͕ͯ৞ΈࠐΈχϡʔϥϧωοτϫʔΫΛϕʔεͱ͍ͯ͠Δɻ͜ͷωοτϫʔΫ

ͷ֤χϡʔϩϯؒͷ݁߹ύλʔϯ͸ɺੜ෺ֶʹ͓͚Δಈ෺ͷ֮ࢹ໺ͷ഑ஔ͔Βདྷ͍ͯΔɻ

ݺͷΈԠ౴͢Δ͜͜ͷൽ࣭χϡʔϩϯ͸ड༰໺ͱʹܹࢗఆ͞ΕͨྖҬʹ͓͚Δݶ໺ͷࢹ

͹ΕΔɻ

৞ΈࠐΈχϡʔϥϧωοτϫʔΫ͸ɺશ݁߹૚ͷଞʹ৞ΈࠐΈ૚ͱϓʔϦϯά૚Λ૊

Έ߹Θͤͯߏங͞ΕΔɻશ݁߹૚ͱ͸ɺྡ઀͢Δ૚ʹ͓͚ΔશͯͷχϡʔϩϯؒͰ݁߹

͕͋Δ૚Λ͢ࢦɻ৞ΈࠐΈ૚ͰߦΘΕΔॲཧ͸ɺը૾ॲཧ෼໺ʹ͓͚ΔϑΟϧλʹ૬౰

͢Δɻ͜ͷ૚ͰߦΘΕΔࢉܭ͸ɺೖྗαΠζʹΑͬͯ΋มԽ͢Δ͕ɺ͔ͳΓେ͖ͳࢉܭ

ྔͱͳΔɻϓʔϦϯά૚ͰߦΘΕΔॲཧ͸ɺೖྗը૾ͷαΠζΛॖখ͢ΔॲཧͰ͋Δɻ

͜ͷ૚Λ௨ա͢ΔͱɺαΠζ͕໿ 4෼ͷ 1ఔ౓ʹͳΔͨΊɺԿ૚΋ॏͶΒΕΔ͜ͱ͕ଟ

͍৞ΈࠐΈ૚Ͱ૿͑ͨྔࢉܭʹରͯ͠ɺࢉܭෛՙͷ؅ཧʹ༗ޮͳॲཧͰ͋Δɻ2)

2.3 Learning Method

͜ͷੈͷதʹଘ͢ࡏΔ͋ΒΏΔχϡʔϥϧωοτϫʔΫϞσϧશͯʹ͓͍͍ͯ͑Δ͜

ͱ͕ͩɺೖྗ͞ΕΔ৘ใ͔Β࠷దͳग़ྗΛಋ͖ग़ͨ͢Ίʹ͸֤ϊʔυͷ࠷దͳ݁߹ՙॏ

Λֶशͤ͞Δඞཁ͕͋Δɻ͜ΕΒͷֶशํ๏͸ɺ࠷దԽख๏ͱ΋ݺ͹Ε͍ͯΔɻ࠷΋ج

ຊతͳޯ഑߱Լ๏΍֬཰తޯ഑߱Լ๏ɺฒྻ෼ࢄॲཧڀݚͳͲʹ༻͍ΒΕ͖ͯͨٯࠩޡ

఻ൖ๏΍ɺਂ૚ֶशͷͨΊͷ৽ͨͳ࠷దԽख๏Ͱ͋ΔRMSprop๏΍Adam๏͕࣮༻Խ

͞Ε͍ͯΔଞɺޯ഑๏ʹΑΒͳ͍࠷దԽख๏ʹ͍ͭͯ΋͞ڀݚΕ͍ͯΔɻ2)
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Figure 2.9 Convolutional Neural Network

2.3.1 Optimizer

͠ʹదԽֶशํ๏ͱͯ͠͸ɺޯ഑๏ʹΑΔ΋ͷ͕ҰൠతͰ͋ΔͨΊɺޯ഑๏Λ΋ͱ࠷

ͨΞϧΰϦζϜΛҎԼʹࣔ͢ɻ

• Stochastic gradient decent (SGD)

֬཰తޯ഑߱Լ๏͸ɺ࠷దԽॲཧͷதͰ΋ॳظʹఏএ͞Εͨ࠷΋جຊతͳΞϧΰ

ϦζϜͰ͋Δɻࣜ (2.6)ͰॏΈ w ͷߋ৽Λ͍ͯͬߦΔɻ

wt+1 ← wt − η
∂L(wt)

∂wt
(2.6)

͜͜Ͱ t Λੈ୅ɺ η Λֶश཰ɺ L Λଛࣦؔ਺ͱ͢Δɻ

• Backpropagation

όοΫϓϩύήʔγϣϯͱ͸ٯࠩޡ఻ൖ๏ͱ΋ݺ͹Εɺ3૚Ҏ্ͷχϡʔϥϧωο

τϫʔΫΛֶशͤ͞ΔͨΊʹɺ1986೥ʹೝ஌৺ཧऀڀݚͰ͋Γɺଟ૚ύʔηϓτ

ϩϯͷ։ൃऀͰ΋͋Δ David E. Rumelhart Β͕ߟҊͨ͠ػցֶशͷख๏Ͱ͋Δɻ

ద༻ՄೳͰ͋Δ৚݅ΛҎԼʹࣔ͢ɻ

– ਓ޻χϡʔϩϯͰ࢖ΘΕΔੑ׆Խؔ਺͕Մඍ෼Ͱͳ͚Ε͹ͳΒͳ͍ɻ

– ޯ഑͕ 0ʹ͍ۙྖҬ͕ଘ͢ࡏΔؔ਺Λੑ׆Խؔ਺ʹ༻͍Δ͜ͱ͸ආ͚Δ΂͖
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Ͱ͋Δɻ

όοΫϓϩύήʔγϣϯʹΑΔֶश͸ɺ݁߹ՙॏ Wkj Λग़ྗ૚ଆ͔Βमਖ਼͍ͯ͠

ͨ͘ΊɺޙΖ͖޲ԋࢉͱݺ͹ΕΔɻग़ྗ૚ʹ͓͚Δ̍ճͷٯࠩޡ఻೻ͰมԽ͢Δ

݁߹ՙॏ ∆Wkj ͸ࣜ (2.7)Ͱද͞ΕΔɻ

∆Wkj = −η
∂

∂Wkj

1

2

n∑

i=1

(ti −Oi)
2

= η(tk −Ok)Ok(1−Ok)Hj (2.7)

͜͜Ͱɺ Ok ͸ग़ྗ૚ͷ k ൪໨ͷχϡʔϩϯͷग़ྗ஋ɺ tk͸ͦͷࢣڭ৴߸σʔ

λ (ਖ਼ղσʔλ)Ͱ͋Γɺ Hj ͸ɺதؒ૚ͷ j ൪໨ͷχϡʔϩϯͷग़ྗ஋ɺ η ͸ਓ

͕ؒઃఆ͠ͳ͚Ε͹ͳΒͳ͍ϋΠύʔύϥϝʔλͷҰͭͰ͋Δɺֶश܎਺Ͱ͋Δɻ

͜ͷ܎਺͸ɺେ͖͗͢Δͱ҆ఆੑ͕Լ͕Γɺখ͗͢͞Δͱֶश૿͕ؒ࣌େͯ͠͠

·͏ͨΊɺద੾ʹબ୒͢Δඞཁ͕͋Δɻ͜ͷ஋͸AdaGrad๏Λ૊Έ߹ΘͤΕ͹ɺ

ࣗಈઃఆ͞ΕΔɻಉ͘͡தؒ૚ͷඍখ݁߹ՙॏ ∆Wji ͸ɺҎԼͷࣜ (2.8)ͷΑ͏

ʹͳΔɻ

∆Wji = −η
∂

∂Wji

1

2

n∑

i=1

(ti −Oi)
2

= ηHj(1−Hj)
n∑

k=1

{Wkj(tk −Ok)Ok(1−Ok)}Xi (2.8)

͜͜Ͱɺ Xi͸ೖྗ૚ͷ i ൪໨ͷχϡʔϩϯͷೖྗ஋Ͱ͋Δɻ͜ΕΒ͢΂ͯͷ݁

߹ՙॏΛ͢ࢉܭΔ͜ͱͰɺޯ഑๏ʹΑͬͯ࠷దͳ஋ʹऩଋͤ͞Δ͜ͱ͕Ͱ͖Δɻ

• AdaGrad

AdaGradͱ͸ɺ2011೥ʹ౷ܭɾిऀڀݚֶ޻ؾͰ͋Δ John C. Duchi Β͕ఏএ

ͨ͠ख๏Ͱ͋ΔɻSGDͱҧ͍ɺͪ͜Β͸ॳֶظश཰Λઃఆ͢Ε͹ɺͦΕҎ߱ͷֶ

श཰Λࣗಈௐ੔ՄೳͰ͋Δɻࣜ (2.12)ͰॏΈ w ͷߋ৽Λ͍ͯͬߦΔɻ

h0 = ϵ (2.9)

ht = ht−1 +∇L(wt)2 (2.10)

ηt =
η0√
ht

(2.11)

wt+1 = wt − ηt∇E(wt) (2.12)

͜͜Ͱɺ ϵ Λॳޯظ഑ɺ η0 Λॳֶظश཰ͱ͢Δɻ

• RMSprop
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RMSpropͱ͸ɺ2012೥ʹػցֶशऀڀݚͰ͋Δ Tijmen Tieleman Β͕ఏএͨ͠

ख๏Ͱ͋ΔɻAdaGradΛվྑͨ͠ΞϧΰϦζϜͰ͋Γɺޯ഑ͷೋ৐ࢦ਺ฏۉΛऔ

ΔΑ͏ʹม͞ߋΕͨ΋ͷͰ͋Δɻࣜ (2.15)ͰॏΈ w ͷߋ৽Λ͍ͯͬߦΔɻ

ht = αht−1 + (1− α)∇L(wt)2 (2.13)

ηt =
η0√
ht + ϵ

(2.14)

wt+1 = wt − ηt∇L(wt) (2.15)

͜͜Ͱɺ α ΛׂҾ཰ͱ͢Δɻ

• Adam

Adamͱ͸ɺ2012೥ʹίϯϐϡʔλՊֶऀͰ͋ΓɺGoogle Brain teamʹॴଐ͢

Δ Diederik P. Kingma Β͕ఏএͨ͠ख๏Ͱ͋ΔɻҎ্ࡾ఺ͷख๏Λվྑ͠ɺMo-

mentam๏ͷ֓೦ΛऔΓೖΕͨΞϧΰϦζϜͰ͋ΔɻAdaGradʹ͓͚Δॳֶظश

཰͸ɺAdamʹ͓͍ͯ͸ଘ͠ࡏͳ͍ɻࣜ (2.20)ͰॏΈ w ͷߋ৽Λ͍ͯͬߦΔɻ

mt+1 = β1mt + (1− β1)∇L(wt) (2.16)

vt+1 = β2vt + (1− β2)∇L(wt)2 (2.17)

m̂ =
mt+1

1− βt
1

(2.18)

v̂ =
vt+1

1− βt
2

(2.19)

wt+1 = wt − α
m̂√
v̂ + ϵ

(2.20)

͜͜Ͱɺ β1 Λ m ޯ഑ׂҾ཰ɺ β2 Λ v ޯ഑ׂҾ཰ɺ α ΛॏΈͷֶश཰ͱ͢Δɻ

͜Ε·Ͱͷख๏ͰҠಈࢦ਺ฏۉΛ༻͍ͨࡍʹ͸ɺόΠΞε͕มԽͯ͠͠·͏ͱ͍

͏ܽ఺͕͕͋ͬͨɺ͜ͷख๏Ͱ͸ m̂ ͱ v̂ ͷൺ཰ʹΑͬͯόΠΞε͕౳ഒͱͳΓɺ

ܽ఺Λղফ͍ͯ͠Δͱ͍͏ಛ௃͕͋Δɻ

ͳͲͰڀݚਫ਼౓Λग़͢৔߹΋Ҏલͷ͍ߴΑͬͯ͸ɺAdamΑΓAdaGrad͕ʹڥ؀

໌Β͔ʹͳ͍ͬͯΔͨΊɺ͝ڥ؀͏࢖ͱʹ࠷దԽॲཧ΋࠷దͳ΋ͷΛબ୒͢΂͖

Ͱ͋Δͱ͍͑Δɻ
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Chapter 3 Reinforcement Learning

ߦଌ͠ɺऔΔ΂͖؍ͷঢ়ଶΛࡏݱΔΤʔδΣϯτ͕ɺ͚͓ʹڥԽֶशͱ͸ɺ͋Δ؀ڧ

ಈΛܾఆ͢Δ໰୊Λѻ͏ػցֶशͷҰछͰ͋Δ (Figure 3.1)ɻ ΤʔδΣϯτ͸ߦಈΛબ

୒͢Δ͜ͱͰͦͷ͔ڥ؀ΒใुΛಘΔ͜ͱʹͳΔɻ͜ͷֶशʹ͓͍ͯ͸ɺͦΕΒҰ࿈ͷ

Λֶश͢Δ΋ͷͰ͋Δɻ͜ͷֶशͷΞࡦ΋ଟ͘ಘΒΕΔΑ͏ͳํ࠷ಈΛ௨ͯ͠ใु͕ߦ

ϧΰϦζϜ͸ɺಈతܭը๏ʹྨ͍ͯ͠ࣅΔɻओͳख๏ͱͯ͠ϞϯςΧϧϩ๏ɺTDֶश

΍Qֶश͕͋Δɻ3)

ঢ়ଶ਺ͷϚϧίϑܾఆաఔݶͱ͸ɺ༗ڥຊతͳ؀جԽֶशʹ͓͚Δڧ (MDP)ͱͯ͠

ఆࣜԽ͞ΕΔɻϚϧίϑܾఆաఔͱ͸ɺաఔʹ͓͚Δকདྷͷ৚݅෇͖֬཰͕աڈͷ͍͔

ͳΔঢ়ଶʹ΋ӨڹΛड͚ͳ͍ੑ࣭Ͱ͋ΔϚϧίϑੑΛຬͨͨ͠ɺঢ়ଶભҠ͕ੜ͡Δಈత

γεςϜͷ֬཰ϞσϧͰ͋Δ (Figure 3.2)ɻ Ϛϧίϑܾఆաఔʹ͓͚Δֶशաఔ͸ҎԼ

ͷ৚͕݅՝͞ΕΔɻ

• ଌՄೳͰ͋Δ͜ͱɻ؍ʹશͰਖ਼֬׬ɺͦͷঢ়ଶ͸ͪ࣋͸ঢ়ଶΛڥ؀

• ભҠ֬཰ͱใु͕ಘΒΕΔ֬཰͸ࣄલʹ͸༩͑ΒΕͣɺֶशաఔͰֶश͍ͯ͘͠

͜ͱɻ

• ใुͷࢦ਺ҠಈฏۉΛ࠷େԽ͢ΔΑ͏ʹߦಈ͢Δ͜ͱɻ

ଌϚ؍ଌՄೳͰ͸ͳ͍৔߹ʹ͓͍ͯ͸ɺ෦෼؍ʹશɾਖ਼֬׬͕ڥԽֶशʹ͓͚Δ؀ڧ

ϧίϑܾఆաఔ (POMDP)ͱݺ͹Εɺbelief MDPͳͲͷख๏ʹΑͬͯϚϧίϑܾఆաఔ

ͱಉ༷ͷख๏͕ద༻Ͱ͖ΔΑ͏ʹͳΔɻ

3.1 Q-Learning

Qֶशͱ͸ɺίϯϐϡʔλՊֶऀͰ͋Δ Richard S. Sutton ͕ 1984೥ʹఏҊͨ͠TD(

λ )ֶशΛಉ͘͡ίϯϐϡʔλՊֶऀͰ͋Δ Christopher J.C.H. Watkins Β͕ 1989೥ʹ

లͤͨ͞ख๏Ͱ͋ΔൃʹܕΦϑࡦํ (Figure 3.3)ɻ3) ͜ͷֶश͸ɺ༗ݶϚϧίϑܾఆաఔ

ʹ͓͍ͯ͢΂ͯͷঢ়ଶ͕े෼ʹαϯϓϦϯάͰ͖ΔΑ͏ͳΤϐιʔυΛແݶճͨ͠ߦࢼ

৔߹ɺ࠷దͳධՁ஋ʹऩଋ͢Δ͜ͱ͕ཧ࿦తʹূ໌͞Ε͍ͯΔɻ͜ͷֶशͰ͸ͦͷঢ়ଶ

ʹ͓͍ͯऔΕΔߦಈ π ͷதͰɺߦಈશͯʹର͠௕ظతͳՁ஋ɺͭ·Γ༗ޮੑΛࣔ͢Q஋

ͱ͍͏஋Λͤͨ࣋ɺΤʔδΣϯτ͕ߦಈ͢Δͨͼʹͦͷ஋Λߋ৽͢ΔɻQ஋͸ঢ়ଶߦಈ

Ձ஋ͱ΋ݺ͹ΕΔɻྫ͑͹ΤʔδΣϯτͷࡏݱͷঢ়ଶΛ st ͱ͠ɺ͜ͷঢ়ଶͰՄೳͳߦಈ
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Figure 3.1 Reinforcement Learning

Figure 3.2 Markov decision process

͕ a ɺ b ɺ c ɺ d ͷ 4௨Γ͋Δͱ͢Δɻ

͜ͷ࣌ΤʔδΣϯτ͸ 4ͭͷQ஋ɺ Q(st, a) ɺQ(st, b) ɺ Q(st, c) ɺ Q(st, d) Λݩʹɺ

ΔͳΒϥϯμϜ͢ߦࢼճ਺ݶಈͷܾఆํ๏͸ཧ࿦্Ͱ͸ແߦಈΛܾఆ͢Δɻߦ͏ߦʹ࣍

Ͱ΋Q஋ͷऩଋ͸ূ໌͞Ε͍ͯΔ͕ɺऩଋΛૣΊΔͨΊɺͳΔ΂͘ Q஋ͷେ͖ͳߦಈ͕
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Figure 3.3 Q-Learning

ɻબ୒ํ๏ͱͯ͠͸ɺ͋Δখ͞ͳ֬཰͏ߦʹ཰Ͱબ͹ΕΔΑ͏֬ߴ ϵ ͰϥϯμϜʹબ୒

͠ɺͦΕҎ֎Ͱ͸ Q஋ͷ࠷େͷߦಈΛબ୒͢Δ ϵ -greedyख๏΍ɺҨ఻తΞϧΰϦζϜ

Ͱ࢖༻͞Ε͍ͯΔϧʔϨοτબ୒ɺࣜ (3.1)ͷΑ͏ͳϘϧπϚϯ෼෍Λར༻ͨ͠ softmax

ख๏ͳͲ͕࢖༻͞Ε͍ͯΔɻ

π(s, a) =
exp(

Q(s, a)

T
)

∑

p∈A
exp(

Q(s, p)

T
)

(3.1)

͜͜Ͱ T ͸ਖ਼ͷఆ਺ɺ A ͸ঢ়ଶ s ͰΤʔδΣϯτ͕Մೳͳߦಈͷू߹Ͱ͋Δɻ

৽͢Δɻྫͱͯ͠ঢ়ଶߋಈͷQ஋Λߦͷঢ়ଶͱͦʹ࣍ಈΛܾఆͨ͠৔߹ɺߦ st ͷΤʔ

δΣϯτ͕ߦಈ aΛબͼɺঢ়ଶ͕ st+1 ʹભҠͨ͠ͱ͢Δͱ͖͸ɺ Q(st, a) Λࣜ (3.2)Ͱ

৽͢Δɻߋ

Q(st, a)← Q(st, a) + α[rt+1 + γmax
p

Q(st+1, a)−Q(st, a)] (3.2)

͜͜Ͱ α ͸ֶश཰ͱ͍͍ޙड़͢Δ৚݅Λຬͨ͢ύϥϝʔλͰ͋Γɺ γ ͸ׂҾ཰ͱ͍͍

0 Ҏ্ 1 ҎԼͷύϥϝʔλͰ͋Δɻ·ͨ rt+1͸ΤʔδΣϯτ͕ st+1 ʹભҠͨ͠ͱ͖ʹಘ

ͨใुͰ͋Δɻࣜ (3.2)͸ࡏݱͷঢ়ଶ͔Β࣍ͷঢ়ଶʹҠͬͨͱ͖ɺͦͷQ஋Λ࣍ͷঢ়ଶ

Ͱ࠷΋ Q஋ͷ͍ߴঢ়ଶͷ஋ʹ͚ۙͮΔ͜ͱΛҙຯ͍ͯ͠Δɻ͜ͷ͜ͱʹΑΓɺ͋Δঢ়ଶ

Ͱ͍ߴใुΛಘͨ৔߹͸ͦͷঢ়ଶʹ౸ୡ͢Δ͜ͱ͕Մೳͳঢ়ଶʹ΋ͦͷใु͕ߋ৽͝ͱ
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Table 3.1 Q-Table

State\Action a1 a2 a3 an

s0 0 0.24 0.59 0.77

s1 −0.14 0.02 −0.57 0.24

s2 −0.85 −0.04 −0.38 −0.95

sm 0.07 0.15 1.0 −1.0

ʹ఻೻͢Δ͜ͱʹͳΔɻ͜ΕʹΑΓɺ࠷దͳঢ়ଶભҠͷֶश͕ߦΘΕΔɻ α ΍ γ ͳͲͷ

ύϥϝʔλ͸ɺϋΠύʔύϥϝʔλͰ͋Δɻ͜ͷֶश͸ֶश཰ α ͕ࣜ (3.3) ɺ ࣜ (3.4)

ͷ৚݅Λຬͨ͢ͱ͖ɺશͯͷ Q஋͸ඞͣ࠷దͳ஋ʹऩଋ͢Δ͜ͱ͕ূ໌͞Ε͍ͯΔɻ

∞∑

t=0

α(t)→∞ (3.3)

∞∑

t=0

α(t)2 < ∞ (3.4)

͜͏͍ͬͨऩଋੑͷྑ͞͸͜ͷֶशͷར఺Ͱ͸͋Δ͕ɺҎԼͷΑ͏ͳ͍͔ͭ͘ͷ໰୊

఺΋ଘ͢ࡏΔɻ

• QֶशʹΑΔཧ࿦తอূ͸஋ͷऩଋੑͷΈͰ͋Γɺऩଋ్தͷ஋ʹ͸۩ମతͳ߹

ཧੑ͕ೝΊΒΕͳ͍͜ͱ

• ϋΠύʔύϥϝʔλͷมԽʹහײͰ͋Γͦͷௐ੔ʹଟ͘ͷख͕ؒඞཁͰ͋Δ͜ͱ

• దͳ࠷ɺ͍͓ͯʹڥಈύλʔϯͷଟ͍؀ߦ Q஋ͷࢉग़ʹ͔ͳΓͷ͔͔͕ؒ࣌Δ

͜ͱ

ಈʹର͢Δߦɺ͍͓ͯʹڥಈύλʔϯͷଟ͍؀ߦ Q஋Λ·ͱΊͨ Q஋ςʔϒϧ (Ta-

ble 3.1) Λ࡞Δ͜ͱ͕΄΅ෆՄೳͰ͋ΔͨΊɺ͠͹͠͹༻͍ΒΕΔख๏ͱͯؔ͠਺ۙࣅ

ͷͨΊʹχϡʔϥϧωοτϫʔΫΛ༻͍ͨNeural Fitted Q Iteration΍ͦͷख๏Λਂ૚

Խͨ͠Deep Q-Networksͱ͍͏΋ͷ͕ଘ͢ࡏΔɻ

3.1.1 ϵ -greedy Algorithm

ϵ -greedyख๏ͱ͸ɺ֬཰ ϵ ͰϥϯμϜͳ஋Λબ୒͠ɺ֬཰ ( 1− ϵ ) Ͱֶशܦա্ͷ࠷

ద஋Λબ୒͢Δͱ͍͏ख๏Ͱ͋Δ (Figure 3.4) ɻ௨ৗͷֶशͰ͸ɺϵ ஋͸ڧԽֶशͷֶश

– 17 –



Figure 3.4 ϵ -greedy Algorithm

ੈ୅͝ͱʹখ͘͞ͳΔΑ͏ʹมԽͤ͞ΔͨΊɺֶशॳظʹ͸ϥϯμϜબ୒Ͱ࠷ద஋Λ୳

ద஋͕બ୒͞Εଓ͚ΔΑ͏ʹͳΔɻ͜࠷཰Ͱਅͷ֬ߴΔ͜ͱ͕Ͱ͖ɺֶशऴ൫͸ͤ͞ࡧ

ͷख๏Ͱ͸ɺֶशॳظஈ֊ʹ͓͚ΔԾͷ࠷ద஋͕ৗʹબ୒͞Εଓ͚ΔΑ͏ͳ໰୊΍ɺֶ

शத൫Ͱͷہॴ࠷దղ໰୊Λճආ͢Δ͜ͱ͕ՄೳʹͳΔɻ

3.2 Neural Fitted Q Iteration (NFQ)

NFQ͸ɺQֶशͷQ஋Λଟ૚ύʔηϓτϩϯΛ༻͍ͯۙ͢ࣅΔख๏ͷҰͭͰɺֶशத

ʹ͸σʔλΛ௥ՃͤͣɺࣄલʹूΊΒΕͨσʔλͷΈ͔ΒֶशΛ͏ߦख๏Ͱ͋Δɻ͜ͷ

ख๏͸ɺίϯϐϡʔλՊֶऀͰ͋Δ Martin Riedmiller ʹΑͬͯ 2005೥ʹఏҊ͞Εͨɻ

͜ͷख๏ͷಛ௃͸ɺॏΈͷߋ৽ΛߦΘͣʹߦಈͱใुͷཤྺΛ૿΍͠ͳ͕Βɺχϡʔϥ

ϧωοτϫʔΫͷֶशΛ͏ߦɻ͜ΕʹΑΓɺQ஋ͷߋ৽͕ඈͼඈͼͷස౓ͰߦΘΕ͍ͯ

Δɻ͜ͷಛ௃͸ɺNFQʹ͓͚ΔΤʔδΣϯτͷํ͕ࡦ୹͍पظͰܹ͘͠มಈ͢ΔϦεΫ

Λճආ͍ͯ͠Δ͜ͱʹͳΔɻ4)

3.3 Deep Q-Networks (DQN)

DQN͸ɺQֶशͱਂ૚ֶशΛ૊Έ߹ΘͤͯQ஋Λۙ͢ࣅΔख๏Ͱ͋ΓɺӳDeepMind

ࣾॴଐͷίϯϐϡʔλՊֶऀͰ͋Δ Volodymyr Mnih΍David SilverΒʹΑͬͯ 2013೥
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Figure 3.5 Huber function

ʹఏҊ͞Εͨɻਂ૚ֶश໘Ͱ͸৞ΈࠐΈχϡʔϥϧωοτϫʔΫ͕ར༻͞ΕΔɻ5) χϡʔ

ϥϧωοτϫʔΫͷࢣڭσʔλ͸ɺQֶशͷQ஋ߋ৽ࣜʹ͓͚Δࠩ෼ͷํ͑ߟʹΑΓɺ

ࣜ (3.5)Ͱද͞ΕΔɻ

R(s, a) + γmax
a′∈A

Q(s′, a′) (3.5)

·ͨɺࠩޡ eθi ͱؔࠩޡ਺ Lθi ͸ɺࣜ (3.6)ɺࣜ (3.7)Ͱද͞ΕΔɻ

eθi = R(s, a) + γmax
a′∈A

Q(s′, a′; θi−1)−Q(s, a; θi) (3.6)

Lθi =

⎧
⎪⎪⎨

⎪⎪⎩

E
[1
2
(eθi)

2
]

(|eθi | ≤ 1)

|eθi | (|eθi | > 1)
(3.7)

͜͜Ͱɺ θi ͸ୈ i ੈ୅ͷχϡʔϥϧωοτϫʔΫͷॏΈͰ͋Δɻؔࠩޡ਺͸ɺ௨ৗ

ࠩޡΕΔೋ৐͞༺࢖ E Ͱ͸ͳ͘ɺHuberؔ਺Λར༻͢Δ (Figure 3.5)ɻ͕ࠩޡ −1 ʙ 1

ͷؒ͸௨ৗͷೋ৐ࠩޡͰ͋Δ͕ɺͦΕҎ֎ͷ஋Ͱ͸ɺࠩޡͷઈର஋Λฦؔ͢਺Ͱ͋Δɻ

ೋ৐ࠩޡͰ͸͕ࠩޡେ͖͍৔߹ʹ͓͍ͯग़ྗ͕େ͖͘ͳΓɺֶश͕҆ఆͮ͠Β͍໰୊Λ

Huberؔ਺ʹΑͬͯղফ͢Δ͕ࣄͰ͖Δɻ

ޯ഑ ∇L(θi) ͸ɺࣜ (3.8)ͱͳΔɻ
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Figure 3.6 Experience Replay

∇L(θi) = E
[
(R(s, a) + γmax

a′∈A
Q(s′, a′; θi−1)−Q(s, a; θi))∇Q(s, a; θi)

]
(3.8)

͜͜Ͱɺ E[A] ͸ A ͷظ଴஋Λද͠ɺ θ ͸ɺ֤ϊʔυͷॏΈΛද͢ɻͦͷଞͷจࣈ͸

͢΂ͯQֶशͷࣜͱಉ༷Ͱ͋ΔɻڧԽֶश໘Ͱ͸ɺ ϵ -greedyख๏Λ༻͍Δ͜ͱ͕ଟ͍ɻ

͔͠͠ೖྗσʔλͷֶशॱ΍ɺڥ؀ͷϚϧίϑܾఆաఔ΁ͷϞσϧԽͳͲʹ͸੍͕͋ݶ

ΓɺExperience Replay΍Fixed Target Q-Networkɺใुͷ clippingͱ͍͏ख๏Λ༻͍ͯ

(෉͢Δඞཁ͕͋Δɻ6޻

3.3.1 Experience Replay

Experience Replayͱ͸ɺྻܥ࣌ॱʹฒΜͰ͍ΔೖྗσʔλΛॱ൪ʹར༻ֶͯ͠शΛਐ

Ί͍ͯ͘ͱɺೖྗσʔλؒͷྻܥ࣌ʹ͓͚Δ૬͕ؔӨͯ͠ڹաֶशΛҾ͖͢͜ىՄೳੑ

͕͋ΔͨΊɺϝϞϦʹ͋Δఔ౓ೖྗσʔλΛอଘ͓͍ͯͯ͠ɺϝϞϦ͕શͯຒ·ͬͨΒ

ϥϯμϜʹσʔλΛऔΓग़ֶͯ͠शΛ͏ߦख๏Ͱ͋Δ (Figure 3.6)ɻ

3.3.2 Fixed Target Q-Network

Fixed Target Q-Networkͱ͸ɺDQNʹ͓͚ΔχϡʔϥϧωοτϫʔΫͷࢣڭσʔλ

ͷॏΈ͕Ұճͷֶश͝ͱʹຖճߋ৽͍ͯ͠Δͱɺࢣڭσʔλ͕ৗʹมԽͯ͠͠·͏͜ͱ

͔Βɺऩଋ͕ෆ҆ఆʹͳͬͯ͠·͏ɻͦͷͨΊɺҰఆؒظॏΈΛݻఆͯ͠ɺऩଋΛ҆ఆ
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Խͤ͞Δख๏Ͱ͋Δɻ

3.3.3 Reward Clipping

ใुͷClippingͱ͸ɺ֤εςοϓɾ֤ήʔϜ͝ͱͰಘΒΕΔใुΛ −1 ɺ0 ɺ1 ͷ͍ͣ

Ε͔ʹݻఆ͓ͯ͘͠ख๏Ͱ͋Δɻใु͕ݻఆ͞Ε͍ͯΔ͜ͱͰɺڥ؀ʹΑͬͯϋΠύʔ

ύϥϝʔλΛมԽͤ͞ͳͯ͘΋ɺਂ૚ֶशΛ࣮͠ߦ΍͍͢ͱ͍͏ར఺͕͋ΔͨΊɺ͜ͷ

ख๏Λ༻͍Δ͜ͱ͕ଟ͍ɻήʔϜʹ͓͍ͯ͸ɺෛ͚Λ −1 ɺҾ͖෼͚Λ 0 ɺউͪΛ 1 ͱ

ઃఆ͢Δ͜ͱ͕ଟ͍ɻ
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Chapter 4 Experiment

ͣ·Ͱ͸ݧճͷ࣮ࠓ DQNͷಛੑͰ͋Δใुͷ clippingͷޮՌΛར༻ͯ͠ɺCartpole

໰୊ʹ͓͍ͯ DQNʹ͓͚Δ࠷దͳϋΠύʔύϥϝʔλͱɺχϡʔϥϧωοτͷ૚਺ɾ

χϡʔϩϯ਺Λબఆ͢Δࣄલ࣮ݧΛ͏ߦɻࣄલ࣮ݧͰ࠷ద஋Λબఆͨ͠ޙɺຊ࣮ݧͰ͋

Δ 8x8Ϧόʔγ΁ͱͦͷ஋Λར༻ͨ͠DQNΛ࣮૷͢Δɻࠓճ͸͢΂ͯͷ࣮ݧʹ͓͍ͯɺ

൫໘Λॖখ͠΅͔͠ॲཧΛ͢Δඞཁ͕ͳ͍ͨΊɺԋྔࢉ͸૿Ճ͢Δ͕৞ΈࠐΈχϡʔϥ

ϧωοτϫʔΫͷϓʔϦϯά૚͸ଘͣͤࡏɺ৞ΈࠐΈ૚ͷΈଘ͢ࡏΔωοτϫʔΫͰ࣮

దԽख๏͸͢΂ͯAdam๏ɺଛࣦ࠷Խؔ਺͸͢΂ͯReLUؔ਺ɺੑ׆ɻͳ͓ɺ͏ߦΛݧ

ؔ਺͸͢΂ͯHuberؔ਺ͱ͢Δɻ

4.1 Environment Setting

ֶशʹ͓͚Δڥ؀ઃఆΛҎԼʹࣔ͢ɻ

• CPU: Intel Core i7 5930K

• GPU: Nvidia Geforce GTX 980Ti

• GPUϝϞϦ: 6GBͷ಺ɺ্ݶ 3ׂΛֶशʹׂΓ౰ͯ

• OS: Windows10 Pro

• χϡʔϥϧωοτ࡞੒: Python TensorflowͷKeras7)8)

4.2 pre-Exp

Λརڥ؀ߦΔCartPole-v0ͱ͍͏࣮͢ࡏͰ͸ɺpythonͷGymύοέʔδʹଘݧલ࣮ࣄ

༻͢ΔɻCartPole-v0͸ɺϛϦඵ୯ҐͰΧʔτΛӈʹಈ͔͔͢ࠨʹಈ͔͔͢Λબ୒͢Δε

ςοϓΛҰఆճ਺܁Γฦ͢ϞσϧͰ͋Δ (Figure 4.1)ɻ ֤εςοϓ͝ͱʹΧʔτ্ʹཱ

ͭ๮͕౗Εͳ͚Ε͹ใु+1Ͱɺ౗ΕͨΒใु 0Λ֫ಘͰ͖ΔɻχϡʔϥϧωοτϫʔΫ

ͷೖྗ૚͸ɺجຊతʹΧʔτͷҐஔɺΧʔτͷฒਐ଎౓ɺ๮ͷ֯౓ɺ๮ͷ֯଎౓ͷ 4ೖྗ

ͱ͠ɺग़ྗ૚͸ɺΧʔτΛಈ͔͢ํ޲ (ӈ orࠨ)ͷQ஋Ͱ͋Δ 2ग़ྗͱ͢Δ (Figure 4.2)ɻ

݁Ռ͸CSVϑΝΠϧʹɺ֤ episodeͷྦྷੵใुฏۉΛग़ྗ͠ɺάϥϑԽ͢Δ͜ͱͰ࡯ߟ

͢Δɻͦͷ͏͑Ͱ࠷ద஋ͷબఆ΋͏ߦɻ͜ͷڥ؀ʹ͓͚Δॳظઃఆ͸ҎԼͷ௨ΓͰ͋Δɻ

• episode਺্1000:ݶepisodes

• episode͋ͨΓͷ step਺: 200steps
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Figure 4.1 CartPole-v0

• ྦྷੵใुͷฏࢉܭۉΛߦࢼ͏ߦճ਺: 10steps

• ֶशऴྃ৚݅ͷྦྷੵใुฏۉ: 195rewardsҎ্

• Experience Replay༻ϝϞϦαΠζ: 10000

• Fixed Target Q-Network༻όοναΠζ: 32

͜ΕΒͷ৚݅͸ɺࣄલ࣮ݧͰมԽͤ͞Δ͜ͱͷͳ͍৚݅Ͱ͋Δɻͳ͓ϝϞϦαΠζͱ

όοναΠζ͸ɺDQNʹ͓͚ΔϋΠύʔύϥϝʔλʹ֘౰͢Δɻ

4.2.1 pre-Exp1: Hyper Parametars

͓ʹదͳϋΠύʔύϥϝʔλͷબఆͰ͸มԽͤ͞ΔϋΠύʔύϥϝʔλΛɺQֶश࠷

͚Δֶश཰ α ͱɺׂҾ཰ γ ͱ͠ɺऩଋ଎౓ͷΈʹ͓͍ͯબఆ͢ΔɻωοτϫʔΫߏ੒͸

ҎԼʹࣔ͢ɻ

• ೖྗ૚: χϡʔϩϯ ݸ4 (Ґஔ,଎౓,֯౓,֯଎౓)

• ӅΕ૚ 1: χϡʔϩϯ ݸ16 (৞ΈࠐΈ)

• ӅΕ૚ 2: χϡʔϩϯ ݸ16 (৞ΈࠐΈ)

• ग़ྗ૚: χϡʔϩϯ ݸ2 (ӈQ஋,ࠨQ஋)

ֶश཰͸ɺ 0.00001 ɺ 0.0001 ɺ 0.001 ɺ 0.01 Λ࠾༻͠ɺׂҾ཰͸ɺ 0.99 ɺ 0.97 ɺ

0.95 Λݧ࣮ͯ͠༺࠾Λ͏ߦɻ݁Ռ͸͜ΕΒΛ͍ޓʹ૊Έ߹Θͤͨ 12ͷάϥϑ͔Β൑அ
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Figure 4.2 A network for CartPole-v0

͢Δɻ

4.2.2 pre-Exp2: Networks

ߦదͳωοτϫʔΫαΠζͷબఆͰ͸ɺάϥϑʹΑΔऩଋաఔͷಛ௃ʹΑΓબఆΛ࠷

͏ɻબఆ͕଎͞Ͱ͸ͳ͍ཧ༝ͱͯ͠ɺຊ࣮ݧͰ͋Δ 8x8Ϧόʔγͷೖྗ͸ɺCartPole໰

୊ͷೖྗʹൺ΂χϡʔϩϯ਺͕ɺ16ഒͷྔͰ͋ΔͨΊɺ୯७ͳ଎͞ൺֱ͕࠷దͰ͋Δͱ

͸͑ߟʹ͍͔͘ΒͰ͋ΔɻQֶशʹ͓͚Δֶश཰ α ͱɺׂҾ཰ γ ͸ͦΕͧΕɺ 0.001 ɺ

0.95 Ͱݻఆ͠ɺχϡʔϩϯ਺͸ӅΕ૚͢΂ͯʹ͓͍ͯ ɻωοτ͏ߦΛݧͱ࣮ͯ͠ݸ16

ϫʔΫαΠζ͸ɺ3૚ɺ4૚ɺ5૚Λ࠾༻͢ΔɻϓϩάϥϜ্Ͱ͸ɺωοτϫʔΫͷେ͖

͕͞มԽ͍ͯ͠Δ͔֬ೝ͢ΔͨΊɺTensorflowͷKeras಺ͷ plot modelʹΑͬͯɺωο

τϫʔΫߏ଄ͷՄࢹԽ͢ΔͨΊͷը૾ग़ྗΛ͍ͯͬߦΔ (Figure 4.3)ɻ

4.2.3 pre-Exp3: Neurons

ɻ͜͏ߦదͳχϡʔϩϯ਺ͷબఆͰ͸ɺάϥϑʹΑΔऩଋաఔͷಛ௃ʹΑΓબఆΛ࠷

ͪΒ΋ಉ͘͡ɺQֶशʹ͓͚Δֶश཰ α ͱɺׂҾ཰ γ ͸ͦΕͧΕɺ 0.001 ɺ 0.95 Ͱݻ

ఆ͠ɺωοτϫʔΫαΠζ͸ 4૚Ͱݻఆ͢Δɻ

χϡʔϩϯ਺͸ɺ (ӅΕ૚ 1χϡʔϩϯ਺,ӅΕ૚ 2χϡʔϩϯ਺) ͱ͢Δͱɺ(8, 8) ɺ
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Figure 4.3 Output Image

(8, 16) ɺ (16, 8) ɺ (16, 16) ɺ (16, 32) ɺ (32, 16) ɺ (32, 32) ͷ 7ύλʔϯΛ࠾༻ͯ͠ɺ

ɻ͏ߦΛݧ࣮

4.3 Experiment:Reversi AI

8x8Ϧόʔγ΁ͷ࣮૷Ͱ͸ɺࣄલ࣮ݧͰબఆͨ͠ϋΠύʔύϥϝʔλΛ͢΂ͯద༻͠ɺ

DQNͷωοτϫʔΫσʔλΛੈ୅͝ͱʹอଘͯͦ͠ΕͧΕͷAIΛɺࣄલʹ࡞੒ͨ͠Մ

ม୳ਂࡧ౓ 100ͷϞϯςΧϧϩ໦୳ࡧΞϧΰϦζϜ (MTS:100)Λ༻͍ͨAIͱରઓ͠ɺউ

཰Λൺֱɾݕ౼͢Δɻ·ͨϥϯμϜAIͱ΋ରઓΛ͍ߦɺউ཰Λൺֱɾݕ౼͢Δɻຊ࣮ݧ

Ͱར༻͢Δ AIͷΞϧΰϦζϜ͸ԋྔࢉͷ౎߹্ɺDQNͷΈͰ͸͔͔͕ؒ࣌Γ͗͢Δɻ

ͦͷͨΊɺχϡʔϥϧωοτͷֶशʹ͓͍ͯ͸ࣄલʹ໿ 26ສේ໘༻ҙ͠ɺͦΕΛ΋ͱʹ

NFQΛ༻͍ͯχϡʔϥϧωοτͷॏΈΛֶशͤ͞Δɻͦͯ͠DQN͸ɺࣄલේ໘Λֶश

རʹࡍળϞσϧΛબ୒͢Δ࠷AIͱରઓͤ͞χϡʔϥϧωοτϫʔΫͷݾɺࣗʹޙͨͤ͞

༻͢Δɻͭ·Γ 500ේ໘Λֶशͤ͞ΔຖʹɺAIͷੑೳΛMTS:50ͱରઓͤ͞ɺউ཰͕༏

Ε͍ͯΔํΛબ୒ɾอଘ͢Δɻ·ͨ 26ສේ໘͢΂ֶͯश͠ऴ͑ͨΒɺֶशࡁΈAIΛอ

ଘ͠ੈ୅Λߋ৽͢Δɻ࣮ؒ࣌Ͱ 1िؒ΄Ͳֶशͤͨ͞ΒɺֶशΛଧͪ੾Γ֤ੈ୅͝ͱͰ

ੑೳධՁ͢Δɻ͜͜ͰϦόʔγAIͷ޻෉ͱͯ͠ҎԼʹ͛ڍΔɻ

• χϡʔϥϧωοτͷೖྗ૚͸ɺϕΫτϧͰ͸ͳ͘Convolution2DΛ༻͍ͯྻߦͷ
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··ɺೖྗ஋Λѻ͏ɻ

• χϡʔϥϧωοτͷதؒ૚͸ɺݩ࣍ࡾςϯιϧͱͯ͠ѻ͏ɻ

͜ΕΒ͸ɺϦόʔγͷϧʔϧʹΑΓϕΫτϧͱͯ͠ѻ͏ΑΓɺ࠷ળ஋ऩଋ͕ૣ͍ͨΊ

͜ͷΑ͏ͳ޻෉Λͨ͠ࢪɻ
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Chapter 5 Result

5.1 pre-Exp

5.1.1 pre-Exp1:Hyper Parametars

దϋΠύʔύϥϝʔλͷબఆͷ݁ՌΛFigure࠷ 5.1ɺFigure 5.2ɺFigure 5.3ʹࣔ͢ɻׂ

Ҿ཰Λج४ͱͨ͠άϥϑ࡞੒Λͨͬߦɻ

Discussion

·ͣ Figure 5.1ΑΓɺ࠷଎Ͱऩଋ͢Δֶश཰͕ 0.0001 Ͱ͋Δ͜ͱ͕෼͔Δɻ͜Ε͸

201episode໨Ͱɺ௚લ 10episodeͰͷฏۉ஋͕ 195stepΛ௒͑ͨɻֶश཰͕ 0.001 ͷͱ͖

͸ɺepisode͕ 20ʙ30ͷؒʹɺऩଋ͢ΔΑ͏ͳ͕͋޲܏Δ΋ͷͷ͙͢ൃͯ͠͠ࢄ·͍ɺҎ

ޙ 1000episodeͭܦ·Ͱऩଋ͸͠ͳ͔ͬͨɻ͜Ε͸ɺֶश཰͕େ͖͗͢ΔͨΊຊདྷऩଋ

͢΂͖࠷ద஋Λ௒͑ͯɺہॴղʹؕͬͯ͠·ͬͨͨΊͩͱ͑ߟΒΕΔɻͦΕ͸ֶश཰Λ

0.01 ʹมԽͤͨ͞ࡍʹɺશ͘ऩଋ͢ΔૉৼΓΛͤݟͳ͔ͬͨ͜ͱ͔Β΋ಉ༷ʹ݁࿦෇͚

Δ͜ͱ͕Ͱ͖Δɻֶश཰ 0.0001 Ͱ͸ɺ180episodeҎޙঃʑʹऩଋ͢ΔΑ͏ͳաఔ͕ݟΒ

ΕͨɻDQNͷࠩ෼ͱ͍͏͑ߟͱඍ෼ͷ͔͑ߟΒɺຊདྷͷֶश཰͸ 0 ʹ͚ۙΕ͹͍ۙ΄

Ͳɺඍ෼ͷఆٛʹۙͮͨ͘Ίऩଋ͠΍͍͢ͱ͑ߟΒΕΔɻରͯ͠ɺֶश཰͕খ͗͢͞Δ

ͱɺ1episode͝ͱͷมԽྔ΋খ͍ͨ͞Ίɺऩଋ͕͔ͳΓ஗͘ͳͬͯ͠·͏͜ͱ΋෼͔Δɻ

ʹ࣍ Figure 5.2ΑΓɺ࠷଎Ͱऩଋ͢Δֶश཰͕ 0.001 Ͱ͋Δ͜ͱ͕෼͔Δɻ͜Ε͸

123episode໨Ͱɺ௚લ 10episodeͰͷฏۉ஋͕ 195stepΛ௒͑ͨɻಉ༷ʹͯ͠ɺֶश཰͕

0.01 Ͱ͸ 50episode·Ͱऩଋ͢ΔૉৼΓΛͤݟΔ΋ͷͷɺҎ߱ہॴղʹؕͬͯ͠·ͬͨɻ

ͨͩଞͷֶश཰ʹରͯ͠΋͑ݴΔ͕ɺҰ౓ऩଋ͔Β֎Εͨޙɺ࠶౓ऩଋ஋΁͏͔޲ৼΔ

෣͍ΛͨͨͤݟΊɺֶश཰͕খ͚͞Ε͹খ͍͞΄Ͳɺऩଋੑ͕ߴ·Δ͜ͱ͕෼͔Δɻ

ʹޙ࠷ Figure 5.3ΑΓɺ࠷଎Ͱऩଋ͢Δֶश཰͕ 0.001 Ͱ͋Δ͜ͱ͕෼͔Δɻ͜Ε͸

46episode໨Ͱɺ௚લ 10episodeͰͷฏۉ஋͕ 195stepΛ௒͑ͨɻ͜Ε͸ɺ͢΂ͯͷֶश

཰ʹ͓͍ͯऩଋ͕ͨ͠ࣄΘ͔ΔɻׂҾ཰͕௿͍৔߹ʹ͓͍ͯ͸ɺະདྷͷӨ͕ڹখ͘͞ͳ

ΔͨΊہॴղʹؕΔՄೳੑ͕௿͍ɻ·ͨɺֶश཰͕ 0.01 ͷͱ͖΋Կ౓͔ہॴղʹؕΔ৔

໘͕ଘ͕ͨ͠ࡏɺਅͷ࠷దղ΁ͱऩଋ͢ΔΑ͏ʹيಓमਖ਼͕Ͱ͖͍ͯͨͨΊɺׂҾ཰͸

0.95 ͳͲ 1.0 ʹΑΓۙ͘ͳͯ͘΋ྑ͍͜ͱ͕Θ͔ͬͨɻ

͜ΕΒͷ݁ՌΑΓ࠷ద஋Λ֬ఆͤ͞ɺຊ࣮ݧͰ͸ֶश཰Λ 0.001 ɺׂҾ཰Λ 0.95 ͱ

– 27 –
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Figure 5.1 γ = 0.95
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Figure 5.2 γ = 0.97
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Figure 5.3 γ = 0.99
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ͨ͠ɻ

5.1.2 pre-Exp2:Networks

దωοτϫʔΫαΠζͷબఆͷ݁ՌΛ࠷ Figure 5.4ʹࣔ͢ɻ

Discussion

Figure 5.4ΑΓɺ3૚Ͱ͸100episode͋ͨΓ·Ͱͷऩଋܦա͕஗͍ɻ4૚Ͱ͸ɺ46episode

Ͱऩଋͨͨ͠Ί͜ͷ୯७ͳϞσϧʹ͓͍ͯ͸े෼ͳ૚਺Ͱ͋Δͱ͑ݴΔɻ5૚Ͱ͸ॳظͷ

ऩଋ͕ͱͯ΋ૣ͍͕ɺ150stepఔ౓Ͱͷఀ଺͕௕͘ଓ͍ͨͨΊɺ௚લ 10episodeͰͷฏۉ

஋ 195stepҎ্ʹͳΔʹ͸ 4૚ͷ 10ഒऑ͔͔͕ͯͬؒ࣌͠·ͬͨɻ͔͠͠ɺ௨ৗͰ͋Ε͹

ॴղʹؕΓہ 10stepલޙͰఀ଺͠Ҏޙऩଋ͢Δ͜ͱ͕ͳ͍ͨΊɺ5૚Ͱͷֶश͸ 150step

ఔ౓Ͱఀ଺͍ͯ͠Δ͜ͱ͔Βɺ໖ີͳॏΈֶशΛ܁Γฦ͍ͯ͠Δͱ͑ߟΒΕΔɻͭ·Γɺ

8x8ͷϦόʔγ΍ͦΕҎ্ͷෳࡶͳ໰୊ʹ͓͚Δճؼʹ͸ɺ༗ޮͳखஈͰ͸ͳ͍͔ͱߟ

͑ΒΕΔɻ

͜ͷ݁ՌΑΓɺຊ࣮ݧͰ͸ 4૚Ͱ͸ͳ͘ɺ5૚Λ༻͍Δ͜ͱͱͨ͠ɻ

5.1.3 pre-Exp3:Neurons

దχϡʔϩϯ਺ͷબఆͷ݁ՌΛ࠷ Figure 5.5ʹࣔ͢ɻ

Discussion

Figure 5.5ΑΓɺχϡʔϩϯͷ਺͸ 8-16ͷͱ͖ʹ͔ͳΓऩଋ͕;Β͖ͭඇৗʹ஗͘ͳͬ

͕ͨɺ΄͔͸ൺֱతૣ͘ɺ16-32΍ 32-16ɺ32-32͸ 30episodeΛ௒͑Δલʹऩଋ͍ͯͨ͠ɻ

ֶश͕ۮવ্खͨͬ͘ߦͷͰ͸ͳ͍͔ͱ͑ߟɺԿ౓͔ಉ͡χϡʔϩϯׂ౰ͯͰ࣮ݧΛͬߦ

͕ͨɺ͋·Γେ͖ͳมԽ͸ͳ͘ૣ͘ऩଋͨͨ͠Ίɺ֬ೝͷͨΊ 64-64ͳͲͷχϡʔϩϯ

਺ʹมԽ͕ͤͨ͞ɺ32Ҏ্ͷ਺ʹ͢Δͱऩଋ͕஗͘ෆ҆ఆʹͳͬͯ͠·ͬͨͨΊɺೖྗ

ʹରͯ͠ 10ഒఔ౓ͷχϡʔϩϯ਺Λதؒ૚ʹ༻͍Δ͜ͱ͕ྑ͍ͷͰ͸ͳ͍͔ͱ͑ߟΒ

ΕΔɻ

͜ͷ݁ՌΑΓɺຊ࣮ݧͰ͸ೖྗ͕ 64ʹͳΔͷͰɺதؒ૚Λ 640-640-640ͱͯͨͬ͠ߦɻ

– 31 –



02040608010
0

12
0

14
0

16
0

18
0

20
0

0
20
40
60
80
100
120
140
160
180
200
220
240
260
280
300
320
340
360
380
400
420
440
460
480

Steps

Ep
iso

de
s

la
ye
r:3

la
ye
r:4

la
ye
r:5

Figure 5.4 The size of networks
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Table 5.1 DQN AI’s win rate

episode MTS:100 Random

0 0

1 0.3 0.8

2 0.5 0.8

3 0.2 1.0

4 0.7 0.9

5 0.3 0.9

6 0.3 0.9

7 0.4 0.9

8 0.4 1.0

9 0.4 0.9

5.2 Experiment:Reversi AI

8x8Ϧόʔγ΁DQNΞϧΰϦζϜʹద༻ͨ݁͠ՌΛ Table 5.1ʹࣔ͢ɻ͜͜Ͱɺୈ 0

ੈ୅ͱ͸ϥϯμϜAIΛ͍ͯ͠ࢦΔɻ

Discussion

Table 5.1ΑΓMTS:100 AIΛDQN AIͱରઓͤͨ͞ͱ͖ɺୈ 4ੈ୅ͷͱ͖উ཰ 0.70

ͱߴ࠷ͷউ཰ΛಘΔ͜ͱ͕Ͱ͖ͨɻ͔͠͠ɺͦΕҎ֎ͷੈ୅Ͱ͸΄΅֯ޓͱͳͬͨɻ·

ͨ͜ͷੈ୅ʹ͓͍ͯ͸ɺϦόʔγʹ͓͚Δং൫ͷ഑ஔͰ͋Δ 4ఆੴʹஔ͍͍ͯΔ͕޲܏

ଟʑݟΒΕͨͨΊɺϧʔϧ΍ઓུΛࣄલʹֶशͤͣ͞ͱ΋ࣗવʹֶश͢Δͱ͍͑Δɻϥ

ϯμϜAIͱରઓͤͨ͞ͱ͖͸ɺୈ 3ੈ୅Ҏ߱͢΂ͯͷੈ୅ͷAIʹ͓͍ͯɺউ཰ 0.9 Λ

௒͍͑ͯΔɻ

͜ΕΒͷ݁Ռ͔Βɺࣄલ࣮ݧͰͷֶशࣦഊྫʹ݁ͨࣅՌ͕ୈ 5ੈ୅ҐҎ߱Ͱग़ͯ͠·ͬ

ͨͨΊɺֶश͕ࣦഊͯ͠͠·ͬͨͷͰ͸ͳ͍͔ͱ͑ߟΒΕΔɻݪҼ͸ NFQʹΑΔ΋ͷ

ͰɺϋΠύʔύϥϝʔλͷઃఆ΍χϡʔϥϧωοτϫʔΫͷઃఆ͕ෆదͰ͋ͬͨͱ͸ߟ

͑ʹ͍͘ɻNFQ͸ࣄલʹ༻ҙͨ͠ේ໘ʹґଘ͢Δ͕͋޲܏ΔͨΊɺͦͷේ໘ͷֶशΛ܁

Γฦͨ͜͠ͱͰֶश్͕தͰࣦഊͯ͠͠·ͬͨͷͰ͸ͳ͍͔ͱ͑ߟΒΕΔɻୈ 4ੈ୅·
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Ͱͷֶश͸ɺউ཰ͷมԽ͔Β͔ͳΓྑֶ͘शͰ͖͍ͯͨͷͰɺࣄલ࣮ݧͰ࠷ͨ͠࡯ߟద

஋ͷద༻͸ɺؒҧ͍Ͱ͸ͳ͔ͬͨͱ΋͍͑Δɻ
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Chapter 6 Conclusion

ຊڀݚͰ͸ɺ௨ৗͷ 8x8ϦόʔγʹDQNͱݺ͹ΕΔੑೳͷྑ͍৞ΈࠐΈχϡʔϥϧ

ωοτϫʔΫͱQֶशΛ༻͍ͨճؼΞϧΰϦζϜΛ࣮૷͢Δ͜ͱΛࢼΈͨɻ·ͨɺ8x8

ϦόʔγʹDQNΛ࣮૷͢Δલʹɺ͋·Γ໌Β͔ʹͳΒͳ͍ϋΠύʔύϥϝʔλͷ໾ׂ

ͱ࠷ద஋Λௐ΂ΔͨΊɺࣄલ࣮ݧͱͯ͠ɺֶश཰ɾׂҾ཰ɾχϡʔϥϧωοτϫʔΫͷӅ

Ε૚਺ɾχϡʔϩϯͷݸ਺ʹ͍ͭͯݸผͰ࣮͠ݧɺ࡯ߟΛͨͬߦɻ݁Ռͱͯ͠ɺֶश཰ͷ

มԽ͸খͯ͘͞΋ɺେ͖݁͘Ռͷऩଋؒ࣌΍ਅ࠷దղ΁ͷऩଋ཰ʹӨڹΛ༩͑ͯ͠·͏

ͨΊɺ৻ॏʹબ୒͢΂͖ϋΠύʔύϥϝʔλͰ͋Δͱ࡯ߟͰ͖ͨɻ·ͨɺ8x8Ϧόʔγ΁

ͷDQNͷ࣮૷ʹ͓͚ΔDQNͷར༻Λԋྔࢉͷ౎߹্ͱ͸͍͑ɺNFQͰஔ͖͑׵ͳ͚

Ε͹ͳΒͳ͍෦෼͕ൃੜͯ͠͠·ͬͨͨΊɺॳظේ໘ͷ 26ສේ໘਺Λ΋ͬͯͯ͠΋ɺϞ

ϯςΧϧϩ໦୳ࡧΞϧΰϦζϜͱ΄΅֯ޓͰ͋ͬͨ݁Ռ͕ग़ͯ͠·ͬͨ͜ͱ͔Βɺԋࢉ

ઐ༻ͷTensor Processor UnitΛ༻͍ͯDQNͷΈΛ༻ֶ͍ͨशΛ͢΂͖ͩͱ͍͏݁࿦ʹ

ɻGoogleʹ͸ͨͬࢸ Google Colab ͱݺ͹ΕΔɺແྉͷAI։ൃ͕͋ڥ؀ΔͨΊɺ͜ͷΑ

͏ͳαʔϏεΛར༻͢Ε͹ɺΑΓྗڧͳAIΛ࡞੒Ͱ͖ͨͷͰ͸ͳ͍͔ͱ͍͑Δɻࠓճͷ

Ͱ༻͍ͨχϡʔϥϧωοτϫʔΫ͸ɺ͍ͣΕ΋ݧ࣮ 5૚ఔ౓ͷൺֱతઙΊͳਂ૚χϡʔ

ϥϧωοτϫʔΫͰ͕͋ͬͨɺࣄલ࣮ݧͷ݁Ռ͔ΒɺΑΓਂ͍૚Λͭ࣋χϡʔϥϧωο

τϫʔΫ͸ɺৼΔ෣͍ͷෳ͞ࡶʹΑΓԋྔࢉͷଟ͍ڥ؀ʹ͓͍ͯޮՌతͰ͋Δͱ༧૝͞

ΕΔɻ

ͦͯ͠DQN͸৽͍͠ͱ͍ͬͯ΋ 2013೥ʹఏҊ͞Εͨख๏Ͱ͋ΓɺΠϯλʔωοτ্ɾ

ίϯϐϡʔλՊֶڀݚɾਓ޻஌ೳڀݚ෼໺Ͱ͸ৗʹ৽͘͠ྗڧͳΞϧΰϦζϜ͕ఏҊ͞

Εଓ͚͍ͯΔɻ2018೥Ͱ͸্Ґ׵ޓͱͳΔRainbow΍Ape-XͳͲͷԠ༻ΞϧΰϦζϜ

͕ఏҊ͞Ε͍ͯΔͨΊɺ͜ΕΒ࠷৽ͷΞϧΰϦζϜΛಉ༷ʹϦόʔγ΍ͦΕΑΓ΋ԋࢉ

ྔͷଟ͍কعɾғޟͳͲ΁࣮૷ͨ͠ΒɺͲΕ͚ͩͷҧ͍͕ੜ·ΕΔͷ͔ͱ͍͏࣮ݧɾߟ

Δɻ͍ͯ͑ߟͱ͍͍ͨߦΛ࡯

ʹஙߏͰ͸ɺχϡʔϥϧωοτϫʔΫͷݧճͷ࣮ࠓ TensorFlowͷKerasϥΠϒϥϦΛ

༻͍͕ͨɺ؆୯ʹ૚௥Ճ΍χϡʔϩϯݸ਺ม͕ߋͰ͖ͨͨΊɺ࣮ݧΛεϜʔζʹ͜͏ߦ

ͱ͕Ͱ͖ͨɻ·ͨ؆୯ʹར༻Ͱ͖Δ఺͔Βɺόά͕ൃੜ͠ʹ͍͘ͱ͍͏ར఺͕͋ΔɻAI

։ൃʹ͸͜͏͍ͬͨػցֶश͚޲ϥΠϒϥϦ͕ଟ͘ଘ͢ࡏΔ͕ɺ͜ͷΑ͏ͳϥΠϒϥϦ

ͱ৽ͨͳख๏Λ૊Έ߹ΘͤΔͱɺΑΓ؆୯ʹྗڧͳAIΛ࡞੒͢Δ͜ͱ͕ՄೳʹͳΔɻͦ
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