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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)ͱ͍͏ڀݚ͕ɺμʔτϚεձٞͰੜ͔ͯ͠Β 70ͷؒɺ༷ʑ

ͳͰԠ༻͞ΕࡏݱٸͳൃలΛଓ͚͍ͯΔɻԠ༻ྖҬଟذʹΓɺԻɾը૾

ೝࣝͳͲͷใֶͷΈͳΒͣɺҩֶֶࡁܦͳͲੈ࣮ݱքͷ͋ΒΏΔͰར༻͞Εͯ

͍ΔɻਂڧԽֶशͱɺਓͱ͍͏ڀݚʹ͓͍ͯۙಛʹΛཋͼ͍ͯΔ

Ͱ͋ΔɻͦͷओͨΔཁҼɺലେͳྔࢉܭΛͭ࣋ʹ͓͍ͯɺਂֶशʹΑΔඇ

ৗʹ༏ΕͨճؼͱڧԽֶशʹΑΔ༏Εͨ࠷ળஅΛΈ߹ΘͤΔ͜ͱͰɺඇৗʹૣ͘࠷

ળஅΛԼ͢͜ͱ͕Մͱͳ͔ͬͨΒͰ͋Δɻ1)

ຊڀݚͰɺਂڧԽֶशͷΞϧΰϦζϜͷҰͭͰ͋ΔɺDQNΛ Cartpoleʹద

༻͠ɺ࠷ળͳϋΠύʔύϥϝʔλͷબఆɺ࠷దͳωοτϫʔΫαΠζΛબఆ͠ɺϥϯ

μϜੜͨ͠ේ໘͔ΒڧԽֶशΛࢼΈΔɻਂֶश໘Ͱ༻͍ΔΈࠐΈχϡʔϥϧωο

τϫʔΫͷߏஙʹɺػցֶश͚ϥΠϒϥϦͰ͋ΔɺTensorFlowͷKerasΛ༻͍Δɻ

ͦͷޙɺબఆͨ͠࠷దͳϋΠύʔύϥϝʔλͱ࠷దͳωοτϫʔΫαΠζΛɺ8x8ͷϦ

όʔγʹద༻͠ɺ੍ͨ͠࡞AIͯ͢ͷੑΛൺֱݕ౼͢Δɻ
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Chapter 2 Neural Network

2.1 Neural Network

χϡʔϥϧωοτϫʔΫͱɺਓؒͳͲੜମͷػʹΈΒΕΔ͍͘Β͔ͷಛੑʹࣅ

ͨཧతϞσϧͰ͋Γɺγφϓεͷ݁߹ʹΑΓωοτϫʔΫΛܗͨ͠ਓχϡʔϩϯ

(ϊʔυ)͕ɺֶशʹΑΓγφϓεͷ݁߹ڧΛมԽͤͯ͞ɺճؼྨͳͲͷղܾ

ΛਤΔख๏Ͱ͋Δɻ2)

2.1.1 Neuron

χϡʔϩϯͱɺFigure 2.1 ʹࣔ͢Α͏ͳੜମͷਆܥܦΛߏ͢Δࡉ๔Ͱ͋Δɻਓମ

ͷʹɺ 1000ԯʙ2000ԯݸͷχϡʔϩϯ͕ଘ͢ࡏΔͱ͍ΘΕ͓ͯΓɺχϡʔϩϯ

ͷࡉ๔ମҰͭҰ͔ͭΒ࣠ࡧͱɺෳࢬʹࡶ͔Ε͍ͯ͠Δथঢ়ಥ͕ىग़͍ͯͯɺͦΕΒ͕

ผͷχϡʔϩϯͱ͕ܨΓ߹ͬͯɺෳࡶͳωοτϫʔΫΛܗ͍ͯ͠Δɻ

χϡʔϩϯʹใୡͷ͕͋Δɻχϡʔϩϯͷใୡํ๏ೖྗܹʹΑΓ

χϡʔϩϯʹ׆ಈిҐ͕ൃੜ͠ɺ͔࣠ࡧΒऴ෦ͱిҐ͕౸ୡͨ͠ΒͦͷిҐʹΑͬ

ͯిҐґଘੑΧϧγϜΠΦϯνϟωϧ͕։͘͜ͱͰɺχϡʔϩϯͷ͗ܨʹଘ͢ࡏΔ

ͷड༰ମͱୡىͰ͋Δγφϓεͱใ͕์ग़͞Εɺผͷχϡʔϩϯͷथঢ়ಥߏ

͞ΕΔɻ͋Δχϡʔϩϯʹෳͷχϡʔϩϯ͔Βೖྗͨ͠ΓɺೖྗܹͷڧͳͲʹΑͬ

ΘΕͨΓ͢ΔɻߦಈిҐͷൃੜᮢมԽͤͨ͞Γ͢Δ͜ͱͰɺใͷՃ͕׆ͯ

2.1.2 Neuron Modeling

Ίͯ؆ૉԽۃͷχϡʔϥϧωοτϫʔΫͰɺੜମχϡʔϩϯͷใୡํ๏Λࡍ࣮

ͨ͠ɺFigure 2.2ʹࣔ͢Α͏ͳೖྗͱग़ྗͷΈଘ͢ࡏΔਓχϡʔϩϯϞσϧʹஔ

Ͱ͋Δऀֶػࢉܭར༻͢Δɻ͜Ε৺ཧֶऀɾ͖ͯ͑ Frank Rosenblatt ͕։ൃͨ͠

ͷͰɺ୯७ύʔηϓτϩϯͱݺΕΔɻ

͜ͷχϡʔϩϯϞσϧͷग़ྗ y ɺࣜ (2.2)ͷΑ͏ʹ͞ࢉܭΕΔɻ͜͜Ͱɺ xi  i൪

ͷೖྗɺ wi  i൪ͷ݁߹ՙॏɺ f ੑ׆ԽؔͰ͋Δɻ

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

Խؔୡؔੑ׆ (Transfer Function)ͱݺΕɺχϡʔϥϧωοτϫʔΫʹ͓

͍ͯઢܗมޙʹద༻͢Δඇઢؔܗɾ߃ؔͷ͜ͱΛ͢ࢦɻੑ׆Խؔʹ͍ͭ͘

͔ͷछྨ͕͋Δ͕ɺදతͳͷΛ࣍ʹࣔ͢ɻ
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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)

– 4 –



-0.2

0

0.2

0.4

0.6

0.8

1

1.2

-1
0

-9
.1

-8
.2

-7
.3

-6
.4

-5
.5

-4
.6

-3
.7

-2
.8

-1
.9 -1

-0
.1 0.
8

1.
7

2.
6

3.
5

4.
4

5.
3

6.
2

7.
1 8

8.
9

9.
8

y

u

Sigmoid

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

ଛࣦؔͱɺճؼྨʹ͓͍ͯࢣڭσʔλͱͷଛࣦ Λఆٛ͢ΔؔͰ͋(ࠩޡ)

ΔɻχϡʔϥϧωοτϫʔΫͰ͜ͷଛࣦΛ࠷খݶʹ͢Δׂ͕͋ΔͷͰɺଛࣦؔͷ

બɺڥʹΑͬͯมΘΔ͜ͱ͕͋Δɻଛࣦؔͱͯ͠දతͳͷΛҎԼʹ

Δɻ͛ڍ

ʙճؼʙ

• ฏۉೋਖ਼نԽੑࠩޡؔ (mse)

ҰൠతͳଛࣦؔͰ͋Δɻσʔλ͕ਖ਼نͩͱ͑ߟΒΕΔࡍͷ࠷ਪఆ (Fig-

ure 2.6)ɻ

͜͜ͰɺଛࣦΛ e ɺଛࣦؔΛ L ͱ͢Δɻ

• Huberؔ

ֶशσʔλͷ֎ΕʹӨ͞ڹΕʹ͍͘ଛࣦؔͰ͋Δɻओʹɺϩόετճؼʹ༻

͍ΒΕΔɻ

• τ -Ґଛࣦؔ

ద͔ΒෛଆʹΕ͍ͯΔ͔ɺਖ਼ଆʹΕ͍ͯΔ͔Ͱଛࣦྔ͕มΘΔଛࣦؔ࠷
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Figure 2.7 Logistics function

Ͱ͋ΔɻओʹɺҐճؼʹ༻͍ΒΕΔɻ

• ϵ-ײଛࣦؔ

্ख͘ճؼͰ͖͍ͯͳ͍֎Εʹରͯ͠ͷΈॏతʹֶशΛਐΊ͍ͯ͘ଛࣦؔ

Ͱ͋ΔɻओʹɺαϙʔτϕΫτϧϚγϯʹ༻͍ΒΕΔɻ

ʙྨʙ

• 0-1ଛࣦؔ

ྨΛؒҧ͑ͨճΛ͑ΔଛࣦؔͰ͋Δɻ୯७ύʔηϓτϩϯͷֶशੑධ

Ձʹར༻͞Ε͍ͯͨɻ

• Logisiticsؔ

ଛࣦ͕ 0ʹͳΔ͜ͱ͕ͳ͍͕ɺଛࣦͷେ͖͞Ͱྨ͕ޭ͍ͯ͠Δ͔Ͳ͏͔͕

அͰ͖ΔଛࣦؔͰ͋ΔɻओʹɺLogisticsճؼͰ༻͍ΒΕΔ (Figure 2.7)ɻ

͜͜ͰɺଛࣦΛ t− f ɺؔΛ L ͱ͢Δɻ

• Hingeؔ

͋Δ͔ΒෛଆʹଛࣦΛ༩͑ΔଛࣦؔͰ͋ΔɻओʹɺαϙʔτϕΫτϧϚγϯ

Ͱ༻͍ΒΕΔଛࣦؔɻ
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Figure 2.8 Multilayer Perceptron

2.1.5 Multilayer Perceptron

ଟύʔηϓτϩϯͱ Figure 2.8ʹࣔ͢Α͏ͳɺ୯७ύʔηϓτϩϯʹதؒΛ 1

Ճͨ͠ 3ͷϊʔυ͕ଘ͢ࡏΔύʔηϓτϩϯͰ͋Δɻ͜ͷϞσϧɺೝ৺ཧݚ

Ͱ͋Δऀڀ David E. Rumelhart ΒʹΑΓ։ൃ͞Εͨɻ·ͨଟύʔηϓτϩϯɺ୯

ύʔηϓτϩϯͰٻղෆͰ͋ͬͨઢܗඇͳΛٻղՄͰ͋Δɻ

2.2 Deep Learning

σΟʔϓϥʔχϯάͱɺதؒΛ 2Ҏ্ʹ૿ͨ͠χϡʔϥϧωοτϫʔΫΛ༻

ցֶशख๏ͷ͜ͱͰ͋ΔɻσΟʔϓϥʔχϯάٕज़ͷొҎલͰɺೖྗɾग़ྗػ͍ͨ

ؚΉ 4Ҏ্ͷਂχϡʔϥϧωοτϫʔΫʹہॴ࠷దղޯফࣦͳͲͷ

͕ଘ͍ͨͨͯ͠ࡏΊɺ࣮༻ԽʹࢸΒͳ͔ͬͨɻ͔͠͠ɺίϯϐϡʔλՊֶٴͼೝ

৺ཧֶऀڀݚͰ͋Δ Geoffrey Everest Hinton Βͷٯࠩޡ๏ɺϘϧπϚϯϚγϯɺ

ΦʔτΤϯίʔμσΟʔϓϏϦʔϑωοτϫʔΫΛ։ൃͨ͠ՌʹΑΓɺ2010ʹ

ͳͬͯॳΊͯਂʹ͓͚ΔχϡʔϥϧωοτϫʔΫΛ༻͍࣮ͨ༻తͰޮతͳֶश͕Մ

ͱͳͬͨɻσΟʔϓχϡʔϥϧωοτϫʔΫͷදతͳͷͱͯ͠ɺҎԼͷΑ͏ͳ

ͷ͕ଘ͢ࡏΔɻ

• ɹΈࠐΈχϡʔϥϧωοτϫʔΫ
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• ɹελοΫυΦʔτΤϯίʔμ

• ɹࠩχϡʔϥϧωοτϫʔΫ

• ɹఢରతੜωοτϫʔΫ

• ɹϘϧπϚϯϚγϯ

• ɹճܕ߹݁ؼχϡʔϥϧωοτϫʔΫ

2.2.1 Convolutional Neural Network

ΈࠐΈχϡʔϥϧωοτϫʔΫͱɺॱܕσΟʔϓχϡʔϥϧωοτϫʔΫͷ

ҰछͰ͋Δ (Figure 2.9)ɻ ओʹը૾ೝࣝɾಈըೝࣝɾԻೝࣝͳͲͷͰ͘༻͍Β

Ε͓ͯΓɺಛʹը૾ೝࣝʹؔ͢Δڀݚʹ͓͍ͯɺσΟʔϓϥʔχϯάʹΑΔֶशख๏

ͷ΄΅શ͕ͯΈࠐΈχϡʔϥϧωοτϫʔΫΛϕʔεͱ͍ͯ͠Δɻ͜ͷωοτϫʔΫ

ͷ֤χϡʔϩϯؒͷ݁߹ύλʔϯɺੜֶʹ͓͚Δಈͷ֮ࢹͷஔ͔Βདྷ͍ͯΔɻ

ݺͷΈԠ͢Δ͜͜ͷൽ࣭χϡʔϩϯड༰ͱʹܹఆ͞ΕͨྖҬʹ͓͚Δݶͷࢹ

ΕΔɻ

ΈࠐΈχϡʔϥϧωοτϫʔΫɺશ݁߹ͷଞʹΈࠐΈͱϓʔϦϯάΛ

Έ߹Θͤͯߏங͞ΕΔɻશ݁߹ͱɺྡ͢Δʹ͓͚ΔશͯͷχϡʔϩϯؒͰ݁߹

͕͋ΔΛ͢ࢦɻΈࠐΈͰߦΘΕΔॲཧɺը૾ॲཧʹ͓͚ΔϑΟϧλʹ૬

͢Δɻ͜ͷͰߦΘΕΔࢉܭɺೖྗαΠζʹΑͬͯมԽ͢Δ͕ɺ͔ͳΓେ͖ͳࢉܭ

ྔͱͳΔɻϓʔϦϯάͰߦΘΕΔॲཧɺೖྗը૾ͷαΠζΛॖখ͢ΔॲཧͰ͋Δɻ

͜ͷΛ௨ա͢ΔͱɺαΠζ͕ 4ͷ 1ఔʹͳΔͨΊɺԿॏͶΒΕΔ͜ͱ͕ଟ

͍ΈࠐΈͰ૿͑ͨྔࢉܭʹରͯ͠ɺࢉܭෛՙͷཧʹ༗ޮͳॲཧͰ͋Δɻ2)

2.3 Learning Method

͜ͷੈͷதʹଘ͢ࡏΔ͋ΒΏΔχϡʔϥϧωοτϫʔΫϞσϧશͯʹ͓͍͍ͯ͑Δ͜

ͱ͕ͩɺೖྗ͞ΕΔใ͔Β࠷దͳग़ྗΛಋ͖ग़ͨ͢Ίʹ֤ϊʔυͷ࠷దͳ݁߹ՙॏ

Λֶशͤ͞Δඞཁ͕͋Δɻ͜ΕΒͷֶशํ๏ɺ࠷దԽख๏ͱݺΕ͍ͯΔɻ࠷ج

ຊతͳޯ߱Լ๏֬తޯ߱Լ๏ɺฒྻࢄॲཧڀݚͳͲʹ༻͍ΒΕ͖ͯͨٯࠩޡ

ൖ๏ɺਂֶशͷͨΊͷ৽ͨͳ࠷దԽख๏Ͱ͋ΔRMSprop๏Adam๏͕࣮༻Խ

͞Ε͍ͯΔଞɺޯ๏ʹΑΒͳ͍࠷దԽख๏ʹ͍ͭͯ͞ڀݚΕ͍ͯΔɻ2)
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Figure 2.9 Convolutional Neural Network

2.3.1 Optimizer

͠ʹదԽֶशํ๏ͱͯ͠ɺޯ๏ʹΑΔͷ͕ҰൠతͰ͋ΔͨΊɺޯ๏Λͱ࠷

ͨΞϧΰϦζϜΛҎԼʹࣔ͢ɻ

• Stochastic gradient decent (SGD)

֬తޯ߱Լ๏ɺ࠷దԽॲཧͷதͰॳظʹఏএ͞Εͨ࠷جຊతͳΞϧΰ

ϦζϜͰ͋Δɻࣜ (2.6)ͰॏΈ w ͷߋ৽Λ͍ͯͬߦΔɻ

wt+1 ← wt − η
∂L(wt)

∂wt
(2.6)

͜͜Ͱ t Λੈɺ η Λֶशɺ L Λଛࣦؔͱ͢Δɻ

• Backpropagation

όοΫϓϩύήʔγϣϯͱٯࠩޡൖ๏ͱݺΕɺ3Ҏ্ͷχϡʔϥϧωο

τϫʔΫΛֶशͤ͞ΔͨΊʹɺ1986ʹೝ৺ཧऀڀݚͰ͋Γɺଟύʔηϓτ

ϩϯͷ։ൃऀͰ͋Δ David E. Rumelhart Β͕ߟҊͨ͠ػցֶशͷख๏Ͱ͋Δɻ

ద༻ՄͰ͋Δ݅ΛҎԼʹࣔ͢ɻ

– ਓχϡʔϩϯͰΘΕΔੑ׆Խ͕ؔՄඍͰͳ͚ΕͳΒͳ͍ɻ

– ޯ͕ 0ʹ͍ۙྖҬ͕ଘ͢ࡏΔؔΛੑ׆Խؔʹ༻͍Δ͜ͱආ͚Δ͖
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Ͱ͋Δɻ

όοΫϓϩύήʔγϣϯʹΑΔֶशɺ݁߹ՙॏ Wkj Λग़ྗଆ͔Βमਖ਼͍ͯ͠

ͨ͘ΊɺޙΖ͖ԋࢉͱݺΕΔɻग़ྗʹ͓͚Δ̍ճͷٯࠩޡͰมԽ͢Δ

݁߹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 ग़ྗͷ k ൪ͷχϡʔϩϯͷग़ྗɺ tkͦͷࢣڭ৴߸σʔ

λ (ਖ਼ղσʔλ)Ͱ͋Γɺ Hj ɺதؒͷ j ൪ͷχϡʔϩϯͷग़ྗɺ η ਓ

͕ؒઃఆ͠ͳ͚ΕͳΒͳ͍ϋΠύʔύϥϝʔλͷҰͭͰ͋ΔɺֶशͰ͋Δɻ

͜ͷɺେ͖͗͢Δͱ҆ఆੑ͕Լ͕Γɺখ͗͢͞Δͱֶश૿͕ؒ࣌େͯ͠͠

·͏ͨΊɺదʹબ͢Δඞཁ͕͋Δɻ͜ͷAdaGrad๏ΛΈ߹ΘͤΕɺ

ࣗಈઃఆ͞ΕΔɻಉ͘͡தؒͷඍখ݁߹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 Xiೖྗͷ i ൪ͷχϡʔϩϯͷೖྗͰ͋Δɻ͜ΕΒͯ͢ͷ݁

߹ՙॏΛ͢ࢉܭΔ͜ͱͰɺޯ๏ʹΑͬͯ࠷దͳʹऩଋͤ͞Δ͜ͱ͕Ͱ͖Δɻ

• AdaGrad

AdaGradͱɺ2011ʹ౷ܭɾిऀڀݚֶؾͰ͋Δ John C. Duchi Β͕ఏএ

ͨ͠ख๏Ͱ͋ΔɻSGDͱҧ͍ɺͪ͜ΒॳֶظशΛઃఆ͢ΕɺͦΕҎ߱ͷֶ

शΛࣗಈௐՄͰ͋Δɻࣜ (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 Λॳޯظɺ η0 Λॳֶظशͱ͢Δɻ

• RMSprop
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RMSpropͱɺ2012ʹػցֶशऀڀݚͰ͋Δ Tijmen Tieleman Β͕ఏএͨ͠

ख๏Ͱ͋ΔɻAdaGradΛվྑͨ͠ΞϧΰϦζϜͰ͋ΓɺޯͷೋࢦฏۉΛऔ

ΔΑ͏ʹม͞ߋΕͨͷͰ͋Δɻࣜ (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 ΛׂҾͱ͢Δɻ

• Adam

Adamͱɺ2012ʹίϯϐϡʔλՊֶऀͰ͋ΓɺGoogle Brain teamʹॴଐ͢

Δ Diederik P. Kingma Β͕ఏএͨ͠ख๏Ͱ͋ΔɻҎ্ࡾͷख๏Λվྑ͠ɺMo-

mentam๏ͷ֓೦ΛऔΓೖΕͨΞϧΰϦζϜͰ͋ΔɻAdaGradʹ͓͚Δॳֶظश

ɺAdamʹ͓͍ͯଘ͠ࡏͳ͍ɻࣜ (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 ޯׂҾɺ β2 Λ v ޯׂҾɺ α ΛॏΈͷֶशͱ͢Δɻ

͜Ε·Ͱͷख๏ͰҠಈࢦฏۉΛ༻͍ͨࡍʹɺόΠΞε͕มԽͯ͠͠·͏ͱ͍

͏͕͕ܽ͋ͬͨɺ͜ͷख๏Ͱ m̂ ͱ v̂ ͷൺʹΑͬͯόΠΞε͕ഒͱͳΓɺ

ܽΛղফ͍ͯ͠Δͱ͍͏ಛ͕͋Δɻ

ͳͲͰڀݚਫ਼Λग़͢߹Ҏલͷ͍ߴΑͬͯɺAdamΑΓAdaGrad͕ʹڥ

໌Β͔ʹͳ͍ͬͯΔͨΊɺ͝ڥ͏ͱʹ࠷దԽॲཧ࠷దͳͷΛબ͖͢

Ͱ͋Δͱ͍͑Δɻ
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Chapter 3 Reinforcement Learning

ߦଌ͠ɺऔΔ͖؍ͷঢ়ଶΛࡏݱΔΤʔδΣϯτ͕ɺ͚͓ʹڥԽֶशͱɺ͋Δڧ

ಈΛܾఆ͢ΔΛѻ͏ػցֶशͷҰछͰ͋Δ (Figure 3.1)ɻ ΤʔδΣϯτߦಈΛબ

͢Δ͜ͱͰͦͷ͔ڥΒใुΛಘΔ͜ͱʹͳΔɻ͜ͷֶशʹ͓͍ͯɺͦΕΒҰ࿈ͷ

Λֶश͢ΔͷͰ͋Δɻ͜ͷֶशͷΞࡦଟ͘ಘΒΕΔΑ͏ͳํ࠷ಈΛ௨ͯ͠ใु͕ߦ

ϧΰϦζϜɺಈతܭը๏ʹྨ͍ͯ͠ࣅΔɻओͳख๏ͱͯ͠ϞϯςΧϧϩ๏ɺTDֶश

Qֶश͕͋Δɻ3)

ঢ়ଶͷϚϧίϑܾఆաఔݶͱɺ༗ڥຊతͳجԽֶशʹ͓͚Δڧ (MDP)ͱͯ͠

ఆࣜԽ͞ΕΔɻϚϧίϑܾఆաఔͱɺաఔʹ͓͚Δকདྷͷ͖͕݅֬աڈͷ͍͔

ͳΔঢ়ଶʹӨڹΛड͚ͳ͍ੑ࣭Ͱ͋ΔϚϧίϑੑΛຬͨͨ͠ɺঢ়ଶભҠ͕ੜ͡Δಈత

γεςϜͷ֬ϞσϧͰ͋Δ (Figure 3.2)ɻ Ϛϧίϑܾఆաఔʹ͓͚ΔֶशաఔҎԼ

ͷ͕݅՝͞ΕΔɻ

• ଌՄͰ͋Δ͜ͱɻ؍ʹશͰਖ਼֬ɺͦͷঢ়ଶͪ࣋ঢ়ଶΛڥ

• ભҠ֬ͱใु͕ಘΒΕΔ֬ࣄલʹ༩͑ΒΕͣɺֶशաఔͰֶश͍ͯ͘͠

͜ͱɻ

• ใुͷࢦҠಈฏۉΛ࠷େԽ͢ΔΑ͏ʹߦಈ͢Δ͜ͱɻ

ଌϚ؍ଌՄͰͳ͍߹ʹ͓͍ͯɺ෦؍ʹશɾਖ਼͕֬ڥԽֶशʹ͓͚Δڧ

ϧίϑܾఆաఔ (POMDP)ͱݺΕɺbelief MDPͳͲͷख๏ʹΑͬͯϚϧίϑܾఆաఔ

ͱಉ༷ͷख๏͕ద༻Ͱ͖ΔΑ͏ʹͳΔɻ

3.1 Q-Learning

QֶशͱɺίϯϐϡʔλՊֶऀͰ͋Δ Richard S. Sutton ͕ 1984ʹఏҊͨ͠TD(

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

లͤͨ͞ख๏Ͱ͋ΔൃʹܕΦϑࡦํ (Figure 3.3)ɻ3) ͜ͷֶशɺ༗ݶϚϧίϑܾఆաఔ

ʹ͓͍ͯͯ͢ͷঢ়ଶ͕ेʹαϯϓϦϯάͰ͖ΔΑ͏ͳΤϐιʔυΛແݶճͨ͠ߦࢼ

߹ɺ࠷దͳධՁʹऩଋ͢Δ͜ͱ͕ཧతʹূ໌͞Ε͍ͯΔɻ͜ͷֶशͰͦͷঢ়ଶ

ʹ͓͍ͯऔΕΔߦಈ π ͷதͰɺߦಈશͯʹର͠ظతͳՁɺͭ·Γ༗ޮੑΛࣔ͢Q

ͱ͍͏Λͤͨ࣋ɺΤʔδΣϯτ͕ߦಈ͢ΔͨͼʹͦͷΛߋ৽͢ΔɻQঢ়ଶߦಈ

ՁͱݺΕΔɻྫ͑ΤʔδΣϯτͷࡏݱͷঢ়ଶΛ st ͱ͠ɺ͜ͷঢ়ଶͰՄͳߦಈ
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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 4ͭͷQɺ Q(st, a) ɺQ(st, b) ɺ Q(st, c) ɺ Q(st, d) Λݩʹɺ

ΔͳΒϥϯμϜ͢ߦࢼճݶಈͷܾఆํ๏ཧ্ͰແߦಈΛܾఆ͢Δɻߦ͏ߦʹ࣍

ͰQͷऩଋূ໌͞Ε͍ͯΔ͕ɺऩଋΛૣΊΔͨΊɺͳΔ͘ Qͷେ͖ͳߦಈ͕
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Figure 3.3 Q-Learning

ɻબํ๏ͱͯ͠ɺ͋Δখ͞ͳ֬͏ߦʹͰબΕΔΑ͏֬ߴ ϵ ͰϥϯμϜʹબ

͠ɺͦΕҎ֎Ͱ Qͷ࠷େͷߦಈΛબ͢Δ ϵ -greedyख๏ɺҨతΞϧΰϦζϜ

Ͱ༻͞Ε͍ͯΔϧʔϨοτબɺࣜ (3.1)ͷΑ͏ͳϘϧπϚϯΛར༻ͨ͠ softmax

ख๏ͳͲ͕༻͞Ε͍ͯΔɻ

π(s, a) =
exp(

Q(s, a)

T
)

∑

p∈A
exp(

Q(s, p)

T
)

(3.1)

͜͜Ͱ T ਖ਼ͷఆɺ A ঢ়ଶ s ͰΤʔδΣϯτ͕Մͳߦಈͷू߹Ͱ͋Δɻ

৽͢Δɻྫͱͯ͠ঢ়ଶߋಈͷQΛߦͷঢ়ଶͱͦʹ࣍ಈΛܾఆͨ͠߹ɺߦ st ͷΤʔ

δΣϯτ͕ߦಈ aΛબͼɺঢ়ଶ͕ st+1 ʹભҠͨ͠ͱ͢Δͱ͖ɺ 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 ֶशͱ͍͍ޙड़͢Δ݅Λຬͨ͢ύϥϝʔλͰ͋Γɺ γ ׂҾͱ͍͍

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

ͨใुͰ͋Δɻࣜ (3.2)ࡏݱͷঢ়ଶ͔Β࣍ͷঢ়ଶʹҠͬͨͱ͖ɺͦͷQΛ࣍ͷঢ়ଶ

Ͱ࠷ Qͷ͍ߴঢ়ଶͷʹ͚ۙͮΔ͜ͱΛҙຯ͍ͯ͠Δɻ͜ͷ͜ͱʹΑΓɺ͋Δঢ়ଶ

Ͱ͍ߴใुΛಘͨ߹ͦͷঢ়ଶʹ౸ୡ͢Δ͜ͱ͕Մͳঢ়ଶʹͦͷใु͕ߋ৽͝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

ʹ͢Δ͜ͱʹͳΔɻ͜ΕʹΑΓɺ࠷దͳঢ়ଶભҠͷֶश͕ߦΘΕΔɻ α  γ ͳͲͷ

ύϥϝʔλɺϋΠύʔύϥϝʔλͰ͋Δɻ͜ͷֶशֶश α ͕ࣜ (3.3) ɺ ࣜ (3.4)

ͷ݅Λຬͨ͢ͱ͖ɺશͯͷ Qඞͣ࠷దͳʹऩଋ͢Δ͜ͱ͕ূ໌͞Ε͍ͯΔɻ

∞∑

t=0

α(t)→∞ (3.3)

∞∑

t=0

α(t)2 < ∞ (3.4)

͜͏͍ͬͨऩଋੑͷྑ͜͞ͷֶशͷརͰ͋Δ͕ɺҎԼͷΑ͏ͳ͍͔ͭ͘ͷ

ଘ͢ࡏΔɻ

• QֶशʹΑΔཧతอূͷऩଋੑͷΈͰ͋Γɺऩଋ్தͷʹ۩ମతͳ߹

ཧੑ͕ೝΊΒΕͳ͍͜ͱ

• ϋΠύʔύϥϝʔλͷมԽʹහײͰ͋Γͦͷௐʹଟ͘ͷख͕ؒඞཁͰ͋Δ͜ͱ

• దͳ࠷ɺ͍͓ͯʹڥಈύλʔϯͷଟ͍ߦ Qͷࢉग़ʹ͔ͳΓͷ͔͔͕ؒ࣌Δ

͜ͱ

ಈʹର͢Δߦɺ͍͓ͯʹڥಈύλʔϯͷଟ͍ߦ QΛ·ͱΊͨ Qςʔϒϧ (Ta-

ble 3.1) Λ࡞Δ͜ͱ͕΄΅ෆՄͰ͋ΔͨΊɺ͠͠༻͍ΒΕΔख๏ͱͯؔۙ͠ࣅ

ͷͨΊʹχϡʔϥϧωοτϫʔΫΛ༻͍ͨNeural Fitted Q Iterationͦͷख๏Λਂ

Խͨ͠Deep Q-Networksͱ͍͏ͷ͕ଘ͢ࡏΔɻ

3.1.1 ϵ -greedy Algorithm

ϵ -greedyख๏ͱɺ֬ ϵ ͰϥϯμϜͳΛબ͠ɺ֬ ( 1− ϵ ) Ͱֶशܦա্ͷ࠷

దΛબ͢Δͱ͍͏ख๏Ͱ͋Δ (Figure 3.4) ɻ௨ৗͷֶशͰɺϵ ڧԽֶशͷֶश
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Figure 3.4 ϵ -greedy Algorithm

ੈ͝ͱʹখ͘͞ͳΔΑ͏ʹมԽͤ͞ΔͨΊɺֶशॳظʹϥϯμϜબͰ࠷దΛ୳

ద͕બ͞Εଓ͚ΔΑ͏ʹͳΔɻ͜࠷Ͱਅͷ֬ߴΔ͜ͱ͕Ͱ͖ɺֶशऴ൫ͤ͞ࡧ

ͷख๏Ͱɺֶशॳظஈ֊ʹ͓͚ΔԾͷ࠷ద͕ৗʹબ͞Εଓ͚ΔΑ͏ͳɺֶ

शத൫Ͱͷہॴ࠷దղΛճආ͢Δ͜ͱ͕ՄʹͳΔɻ

3.2 Neural Fitted Q Iteration (NFQ)

NFQɺQֶशͷQΛଟύʔηϓτϩϯΛ༻͍ͯۙ͢ࣅΔख๏ͷҰͭͰɺֶशத

ʹσʔλΛՃͤͣɺࣄલʹूΊΒΕͨσʔλͷΈ͔ΒֶशΛ͏ߦख๏Ͱ͋Δɻ͜ͷ

ख๏ɺίϯϐϡʔλՊֶऀͰ͋Δ Martin Riedmiller ʹΑͬͯ 2005ʹఏҊ͞Εͨɻ

͜ͷख๏ͷಛɺॏΈͷߋ৽ΛߦΘͣʹߦಈͱใुͷཤྺΛ૿͠ͳ͕Βɺχϡʔϥ

ϧωοτϫʔΫͷֶशΛ͏ߦɻ͜ΕʹΑΓɺQͷߋ৽͕ඈͼඈͼͷසͰߦΘΕ͍ͯ

Δɻ͜ͷಛɺNFQʹ͓͚ΔΤʔδΣϯτͷํ͕ࡦ͍पظͰܹ͘͠มಈ͢ΔϦεΫ

Λճආ͍ͯ͠Δ͜ͱʹͳΔɻ4)

3.3 Deep Q-Networks (DQN)

DQNɺQֶशͱਂֶशΛΈ߹ΘͤͯQΛۙ͢ࣅΔख๏Ͱ͋ΓɺӳDeepMind

ࣾॴଐͷίϯϐϡʔλՊֶऀͰ͋Δ Volodymyr MnihDavid SilverΒʹΑͬͯ 2013
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Figure 3.5 Huber function

ʹఏҊ͞Εͨɻਂֶश໘ͰΈࠐΈχϡʔϥϧωοτϫʔΫ͕ར༻͞ΕΔɻ5) χϡʔ

ϥϧωοτϫʔΫͷࢣڭσʔλɺQֶशͷQߋ৽ࣜʹ͓͚Δࠩͷํ͑ߟʹΑΓɺ

ࣜ (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 ੈͷχϡʔϥϧωοτϫʔΫͷॏΈͰ͋Δɻؔࠩޡɺ௨ৗ

ࠩޡΕΔೋ͞༺ E Ͱͳ͘ɺHuberؔΛར༻͢Δ (Figure 3.5)ɻ͕ࠩޡ −1 ʙ 1

ͷؒ௨ৗͷೋࠩޡͰ͋Δ͕ɺͦΕҎ֎ͷͰɺࠩޡͷઈରΛฦؔ͢Ͱ͋Δɻ

ೋࠩޡͰ͕ࠩޡେ͖͍߹ʹ͓͍ͯग़ྗ͕େ͖͘ͳΓɺֶश͕҆ఆͮ͠Β͍Λ

HuberؔʹΑͬͯղফ͢Δ͕ࣄͰ͖Δɻ

ޯ ∇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 ͷظΛද͠ɺ θ ɺ֤ϊʔυͷॏΈΛද͢ɻͦͷଞͷจࣈ

ͯ͢Qֶशͷࣜͱಉ༷Ͱ͋ΔɻڧԽֶश໘Ͱɺ ϵ -greedyख๏Λ༻͍Δ͜ͱ͕ଟ͍ɻ

͔͠͠ೖྗσʔλͷֶशॱɺڥͷϚϧίϑܾఆաఔͷϞσϧԽͳͲʹ੍͕͋ݶ

ΓɺExperience ReplayFixed Target Q-Networkɺใुͷ clippingͱ͍͏ख๏Λ༻͍ͯ

(͢Δඞཁ͕͋Δɻ6

3.3.1 Experience Replay

Experience Replayͱɺྻܥ࣌ॱʹฒΜͰ͍ΔೖྗσʔλΛॱ൪ʹར༻ֶͯ͠शΛਐ

Ί͍ͯ͘ͱɺೖྗσʔλؒͷྻܥ࣌ʹ͓͚Δ૬͕ؔӨͯ͠ڹաֶशΛҾ͖͢͜ىՄੑ

͕͋ΔͨΊɺϝϞϦʹ͋ΔఔೖྗσʔλΛอଘ͓͍ͯͯ͠ɺϝϞϦ͕શͯຒ·ͬͨΒ

ϥϯμϜʹσʔλΛऔΓग़ֶͯ͠शΛ͏ߦख๏Ͱ͋Δ (Figure 3.6)ɻ

3.3.2 Fixed Target Q-Network

Fixed Target Q-NetworkͱɺDQNʹ͓͚ΔχϡʔϥϧωοτϫʔΫͷࢣڭσʔλ

ͷॏΈ͕Ұճͷֶश͝ͱʹຖճߋ৽͍ͯ͠Δͱɺࢣڭσʔλ͕ৗʹมԽͯ͠͠·͏͜ͱ

͔Βɺऩଋ͕ෆ҆ఆʹͳͬͯ͠·͏ɻͦͷͨΊɺҰఆؒظॏΈΛݻఆͯ͠ɺऩଋΛ҆ఆ
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Խͤ͞Δख๏Ͱ͋Δɻ

3.3.3 Reward Clipping

ใुͷClippingͱɺ֤εςοϓɾ֤ήʔϜ͝ͱͰಘΒΕΔใुΛ −1 ɺ0 ɺ1 ͷ͍ͣ

Ε͔ʹݻఆ͓ͯ͘͠ख๏Ͱ͋Δɻใु͕ݻఆ͞Ε͍ͯΔ͜ͱͰɺڥʹΑͬͯϋΠύʔ

ύϥϝʔλΛมԽͤ͞ͳͯ͘ɺਂֶशΛ࣮͠ߦ͍͢ͱ͍͏ར͕͋ΔͨΊɺ͜ͷ

ख๏Λ༻͍Δ͜ͱ͕ଟ͍ɻήʔϜʹ͓͍ͯɺෛ͚Λ −1 ɺҾ͖͚Λ 0 ɺউͪΛ 1 ͱ

ઃఆ͢Δ͜ͱ͕ଟ͍ɻ
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Chapter 4 Experiment

ͣ·Ͱݧճͷ࣮ࠓ DQNͷಛੑͰ͋Δใुͷ clippingͷޮՌΛར༻ͯ͠ɺCartpole

ʹ͓͍ͯ DQNʹ͓͚Δ࠷దͳϋΠύʔύϥϝʔλͱɺχϡʔϥϧωοτͷɾ

χϡʔϩϯΛબఆ͢Δࣄલ࣮ݧΛ͏ߦɻࣄલ࣮ݧͰ࠷దΛબఆͨ͠ޙɺຊ࣮ݧͰ͋

Δ 8x8ϦόʔγͱͦͷΛར༻ͨ͠DQNΛ࣮͢Δɻࠓճͯ͢ͷ࣮ݧʹ͓͍ͯɺ

൫໘Λॖখ͠΅͔͠ॲཧΛ͢Δඞཁ͕ͳ͍ͨΊɺԋྔࢉ૿Ճ͢Δ͕ΈࠐΈχϡʔϥ

ϧωοτϫʔΫͷϓʔϦϯάଘͣͤࡏɺΈࠐΈͷΈଘ͢ࡏΔωοτϫʔΫͰ࣮

దԽख๏ͯ͢Adam๏ɺଛࣦ࠷Խؔͯ͢ReLUؔɺੑ׆ɻͳ͓ɺ͏ߦΛݧ

ؔͯ͢Huberؔͱ͢Δɻ

4.1 Environment Setting

ֶशʹ͓͚ΔڥઃఆΛҎԼʹࣔ͢ɻ

• CPU: Intel Core i7 5930K

• GPU: Nvidia Geforce GTX 980Ti

• GPUϝϞϦ: 6GBͷɺ্ݶ 3ׂΛֶशʹׂΓͯ

• OS: Windows10 Pro

• χϡʔϥϧωοτ࡞: Python TensorflowͷKeras7)8)

4.2 pre-Exp

ΛརڥߦΔCartPole-v0ͱ͍͏࣮͢ࡏͰɺpythonͷGymύοέʔδʹଘݧલ࣮ࣄ

༻͢ΔɻCartPole-v0ɺϛϦඵ୯ҐͰΧʔτΛӈʹಈ͔͔͢ࠨʹಈ͔͔͢Λબ͢Δε

ςοϓΛҰఆճ܁Γฦ͢ϞσϧͰ͋Δ (Figure 4.1)ɻ ֤εςοϓ͝ͱʹΧʔτ্ʹཱ

͕ͭΕͳ͚Εใु+1ͰɺΕͨΒใु 0Λ֫ಘͰ͖ΔɻχϡʔϥϧωοτϫʔΫ

ͷೖྗɺجຊతʹΧʔτͷҐஔɺΧʔτͷฒਐɺͷ֯ɺͷ֯ͷ 4ೖྗ

ͱ͠ɺग़ྗɺΧʔτΛಈ͔͢ํ (ӈ orࠨ)ͷQͰ͋Δ 2ग़ྗͱ͢Δ (Figure 4.2)ɻ

݁ՌCSVϑΝΠϧʹɺ֤ episodeͷྦྷੵใुฏۉΛग़ྗ͠ɺάϥϑԽ͢Δ͜ͱͰߟ

͢Δɻͦͷ͏͑Ͱ࠷దͷબఆ͏ߦɻ͜ͷڥʹ͓͚ΔॳظઃఆҎԼͷ௨ΓͰ͋Δɻ

• episode্1000:ݶepisodes

• episode͋ͨΓͷ step: 200steps
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Figure 4.1 CartPole-v0

• ྦྷੵใुͷฏࢉܭۉΛߦࢼ͏ߦճ: 10steps

• ֶशऴྃ݅ͷྦྷੵใुฏۉ: 195rewardsҎ্

• Experience Replay༻ϝϞϦαΠζ: 10000

• Fixed Target Q-Network༻όοναΠζ: 32

͜ΕΒͷ݅ɺࣄલ࣮ݧͰมԽͤ͞Δ͜ͱͷͳ͍݅Ͱ͋Δɻͳ͓ϝϞϦαΠζͱ

όοναΠζɺDQNʹ͓͚ΔϋΠύʔύϥϝʔλʹ֘͢Δɻ

4.2.1 pre-Exp1: Hyper Parametars

͓ʹదͳϋΠύʔύϥϝʔλͷબఆͰมԽͤ͞ΔϋΠύʔύϥϝʔλΛɺQֶश࠷

͚Δֶश α ͱɺׂҾ γ ͱ͠ɺऩଋͷΈʹ͓͍ͯબఆ͢ΔɻωοτϫʔΫߏ

ҎԼʹࣔ͢ɻ

• ೖྗ: χϡʔϩϯ ݸ4 (Ґஔ,,֯,֯)

• ӅΕ 1: χϡʔϩϯ ݸ16 (ΈࠐΈ)

• ӅΕ 2: χϡʔϩϯ ݸ16 (ΈࠐΈ)

• ग़ྗ: χϡʔϩϯ ݸ2 (ӈQ,ࠨQ)

ֶशɺ 0.00001 ɺ 0.0001 ɺ 0.001 ɺ 0.01 Λ࠾༻͠ɺׂҾɺ 0.99 ɺ 0.97 ɺ

0.95 Λݧ࣮ͯ͠༺࠾Λ͏ߦɻ݁Ռ͜ΕΒΛ͍ޓʹΈ߹Θͤͨ 12ͷάϥϑ͔Βஅ
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Figure 4.2 A network for CartPole-v0

͢Δɻ

4.2.2 pre-Exp2: Networks

ߦదͳωοτϫʔΫαΠζͷબఆͰɺάϥϑʹΑΔऩଋաఔͷಛʹΑΓબఆΛ࠷

͏ɻબఆ͕͞Ͱͳ͍ཧ༝ͱͯ͠ɺຊ࣮ݧͰ͋Δ 8x8ϦόʔγͷೖྗɺCartPole

ͷೖྗʹൺχϡʔϩϯ͕ɺ16ഒͷྔͰ͋ΔͨΊɺ୯७ͳ͞ൺֱ͕࠷దͰ͋Δͱ

͑ߟʹ͍͔͘ΒͰ͋ΔɻQֶशʹ͓͚Δֶश α ͱɺׂҾ γ ͦΕͧΕɺ 0.001 ɺ

0.95 Ͱݻఆ͠ɺχϡʔϩϯӅΕͯ͢ʹ͓͍ͯ ɻωοτ͏ߦΛݧͱ࣮ͯ͠ݸ16

ϫʔΫαΠζɺ3ɺ4ɺ5Λ࠾༻͢ΔɻϓϩάϥϜ্ͰɺωοτϫʔΫͷେ͖

͕͞มԽ͍ͯ͠Δ͔֬ೝ͢ΔͨΊɺTensorflowͷKerasͷ plot modelʹΑͬͯɺωο

τϫʔΫߏͷՄࢹԽ͢ΔͨΊͷը૾ग़ྗΛ͍ͯͬߦΔ (Figure 4.3)ɻ

4.2.3 pre-Exp3: Neurons

ɻ͜͏ߦదͳχϡʔϩϯͷબఆͰɺάϥϑʹΑΔऩଋաఔͷಛʹΑΓબఆΛ࠷

ͪΒಉ͘͡ɺQֶशʹ͓͚Δֶश α ͱɺׂҾ γ ͦΕͧΕɺ 0.001 ɺ 0.95 Ͱݻ

ఆ͠ɺωοτϫʔΫαΠζ 4Ͱݻఆ͢Δɻ

χϡʔϩϯɺ (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

8x8Ϧόʔγͷ࣮Ͱɺࣄલ࣮ݧͰબఆͨ͠ϋΠύʔύϥϝʔλΛͯ͢ద༻͠ɺ

DQNͷωοτϫʔΫσʔλΛੈ͝ͱʹอଘͯͦ͠ΕͧΕͷAIΛɺࣄલʹ࡞ͨ͠Մ

ม୳ਂࡧ 100ͷϞϯςΧϧϩ୳ࡧΞϧΰϦζϜ (MTS:100)Λ༻͍ͨAIͱରઓ͠ɺউ

Λൺֱɾݕ౼͢Δɻ·ͨϥϯμϜAIͱରઓΛ͍ߦɺউΛൺֱɾݕ౼͢Δɻຊ࣮ݧ

Ͱར༻͢Δ AIͷΞϧΰϦζϜԋྔࢉͷ߹্ɺDQNͷΈͰ͔͔͕ؒ࣌Γ͗͢Δɻ

ͦͷͨΊɺχϡʔϥϧωοτͷֶशʹ͓͍ͯࣄલʹ 26ສේ໘༻ҙ͠ɺͦΕΛͱʹ

NFQΛ༻͍ͯχϡʔϥϧωοτͷॏΈΛֶशͤ͞Δɻͦͯ͠DQNɺࣄલේ໘Λֶश

རʹࡍળϞσϧΛબ͢Δ࠷AIͱରઓͤ͞χϡʔϥϧωοτϫʔΫͷݾɺࣗʹޙͨͤ͞

༻͢Δɻͭ·Γ 500ේ໘Λֶशͤ͞ΔຖʹɺAIͷੑΛMTS:50ͱରઓͤ͞ɺউ͕༏

Ε͍ͯΔํΛબɾอଘ͢Δɻ·ͨ 26ສේ໘ֶͯ͢श͠ऴ͑ͨΒɺֶशࡁΈAIΛอ

ଘ͠ੈΛߋ৽͢Δɻ࣮ؒ࣌Ͱ 1िؒ΄Ͳֶशͤͨ͞ΒɺֶशΛଧͪΓ֤ੈ͝ͱͰ

ੑධՁ͢Δɻ͜͜ͰϦόʔγAIͷͱͯ͠ҎԼʹ͛ڍΔɻ

• χϡʔϥϧωοτͷೖྗɺϕΫτϧͰͳ͘Convolution2DΛ༻͍ͯྻߦͷ
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··ɺೖྗΛѻ͏ɻ

• χϡʔϥϧωοτͷதؒɺݩ࣍ࡾςϯιϧͱͯ͠ѻ͏ɻ

͜ΕΒɺϦόʔγͷϧʔϧʹΑΓϕΫτϧͱͯ͠ѻ͏ΑΓɺ࠷ળऩଋ͕ૣ͍ͨΊ

͜ͷΑ͏ͳΛͨ͠ࢪɻ
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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

ҾΛج४ͱͨ͠άϥϑ࡞Λͨͬߦɻ

Discussion

·ͣ Figure 5.1ΑΓɺ࠷Ͱऩଋ͢Δֶश͕ 0.0001 Ͱ͋Δ͜ͱ͕͔Δɻ͜Ε

201episodeͰɺલ 10episodeͰͷฏۉ͕ 195stepΛ͑ͨɻֶश͕ 0.001 ͷͱ͖

ɺepisode͕ 20ʙ30ͷؒʹɺऩଋ͢ΔΑ͏ͳ͕͋Δͷͷ͙͢ൃͯ͠͠ࢄ·͍ɺҎ

ޙ 1000episodeͭܦ·Ͱऩଋ͠ͳ͔ͬͨɻ͜Εɺֶश͕େ͖͗͢ΔͨΊຊདྷऩଋ

͖͢࠷దΛ͑ͯɺہॴղʹؕͬͯ͠·ͬͨͨΊͩͱ͑ߟΒΕΔɻͦΕֶशΛ

0.01 ʹมԽͤͨ͞ࡍʹɺશ͘ऩଋ͢ΔૉৼΓΛͤݟͳ͔ͬͨ͜ͱ͔Βಉ༷ʹ͚݁

Δ͜ͱ͕Ͱ͖Δɻֶश 0.0001 Ͱɺ180episodeҎޙঃʑʹऩଋ͢ΔΑ͏ͳաఔ͕ݟΒ

ΕͨɻDQNͷࠩͱ͍͏͑ߟͱඍͷ͔͑ߟΒɺຊདྷͷֶश 0 ʹ͚ۙΕ͍ۙ΄

Ͳɺඍͷఆٛʹۙͮͨ͘Ίऩଋ͍͢͠ͱ͑ߟΒΕΔɻରͯ͠ɺֶश͕খ͗͢͞Δ

ͱɺ1episode͝ͱͷมԽྔখ͍ͨ͞Ίɺऩଋ͕͔ͳΓ͘ͳͬͯ͠·͏͜ͱ͔Δɻ

ʹ࣍ Figure 5.2ΑΓɺ࠷Ͱऩଋ͢Δֶश͕ 0.001 Ͱ͋Δ͜ͱ͕͔Δɻ͜Ε

123episodeͰɺલ 10episodeͰͷฏۉ͕ 195stepΛ͑ͨɻಉ༷ʹͯ͠ɺֶश͕

0.01 Ͱ 50episode·Ͱऩଋ͢ΔૉৼΓΛͤݟΔͷͷɺҎ߱ہॴղʹؕͬͯ͠·ͬͨɻ

ͨͩଞͷֶशʹରͯ͑͠ݴΔ͕ɺҰऩଋ͔Β֎Εͨޙɺ࠶ऩଋ͏͔ৼΔ

͍ΛͨͨͤݟΊɺֶश͕খ͚͞Εখ͍͞΄Ͳɺऩଋੑ͕ߴ·Δ͜ͱ͕͔Δɻ

ʹޙ࠷ Figure 5.3ΑΓɺ࠷Ͱऩଋ͢Δֶश͕ 0.001 Ͱ͋Δ͜ͱ͕͔Δɻ͜Ε

46episodeͰɺલ 10episodeͰͷฏۉ͕ 195stepΛ͑ͨɻ͜Εɺͯ͢ͷֶश

ʹ͓͍ͯऩଋ͕ͨ͠ࣄΘ͔ΔɻׂҾ͕͍߹ʹ͓͍ͯɺະདྷͷӨ͕ڹখ͘͞ͳ

ΔͨΊہॴղʹؕΔՄੑ͕͍ɻ·ͨɺֶश͕ 0.01 ͷͱ͖Կ͔ہॴղʹؕΔ

໘͕ଘ͕ͨ͠ࡏɺਅͷ࠷దղͱऩଋ͢ΔΑ͏ʹيಓमਖ਼͕Ͱ͖͍ͯͨͨΊɺׂҾ

0.95 ͳͲ 1.0 ʹΑΓۙ͘ͳͯ͘ྑ͍͜ͱ͕Θ͔ͬͨɻ

͜ΕΒͷ݁ՌΑΓ࠷దΛ֬ఆͤ͞ɺຊ࣮ݧͰֶशΛ 0.001 ɺׂҾΛ 0.95 ͱ
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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

– 30 –



ͨ͠ɻ

5.1.2 pre-Exp2:Networks

దωοτϫʔΫαΠζͷબఆͷ݁ՌΛ࠷ Figure 5.4ʹࣔ͢ɻ

Discussion

Figure 5.4ΑΓɺ3Ͱ100episode͋ͨΓ·Ͱͷऩଋܦա͕͍ɻ4Ͱɺ46episode

Ͱऩଋͨͨ͠Ί͜ͷ୯७ͳϞσϧʹ͓͍ͯेͳͰ͋Δͱ͑ݴΔɻ5Ͱॳظͷ

ऩଋ͕ͱͯૣ͍͕ɺ150stepఔͰͷఀ͕͘ଓ͍ͨͨΊɺલ 10episodeͰͷฏۉ

 195stepҎ্ʹͳΔʹ 4ͷ 10ഒऑ͔͔͕ͯͬؒ࣌͠·ͬͨɻ͔͠͠ɺ௨ৗͰ͋Ε

ॴղʹؕΓہ 10stepલޙͰఀ͠Ҏޙऩଋ͢Δ͜ͱ͕ͳ͍ͨΊɺ5Ͱͷֶश 150step

ఔͰఀ͍ͯ͠Δ͜ͱ͔Βɺ໖ີͳॏΈֶशΛ܁Γฦ͍ͯ͠Δͱ͑ߟΒΕΔɻͭ·Γɺ

8x8ͷϦόʔγͦΕҎ্ͷෳࡶͳʹ͓͚Δճؼʹɺ༗ޮͳखஈͰͳ͍͔ͱߟ

͑ΒΕΔɻ

͜ͷ݁ՌΑΓɺຊ࣮ݧͰ 4Ͱͳ͘ɺ5Λ༻͍Δ͜ͱͱͨ͠ɻ

5.1.3 pre-Exp3:Neurons

దχϡʔϩϯͷબఆͷ݁ՌΛ࠷ Figure 5.5ʹࣔ͢ɻ

Discussion

Figure 5.5ΑΓɺχϡʔϩϯͷ 8-16ͷͱ͖ʹ͔ͳΓऩଋ͕;Β͖ͭඇৗʹ͘ͳͬ

͕ͨɺ΄͔ൺֱతૣ͘ɺ16-32 32-16ɺ32-32 30episodeΛ͑Δલʹऩଋ͍ͯͨ͠ɻ

ֶश͕ۮવ্खͨͬ͘ߦͷͰͳ͍͔ͱ͑ߟɺԿ͔ಉ͡χϡʔϩϯׂͯͰ࣮ݧΛͬߦ

͕ͨɺ͋·Γେ͖ͳมԽͳ͘ૣ͘ऩଋͨͨ͠Ίɺ֬ೝͷͨΊ 64-64ͳͲͷχϡʔϩϯ

ʹมԽ͕ͤͨ͞ɺ32Ҏ্ͷʹ͢Δͱऩଋ͕͘ෆ҆ఆʹͳͬͯ͠·ͬͨͨΊɺೖྗ

ʹରͯ͠ 10ഒఔͷχϡʔϩϯΛதؒʹ༻͍Δ͜ͱ͕ྑ͍ͷͰͳ͍͔ͱ͑ߟΒ

ΕΔɻ

͜ͷ݁ՌΑΓɺຊ࣮ݧͰೖྗ͕ 64ʹͳΔͷͰɺதؒΛ 640-640-640ͱͯͨͬ͠ߦɻ
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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

8x8ϦόʔγDQNΞϧΰϦζϜʹద༻ͨ݁͠ՌΛ Table 5.1ʹࣔ͢ɻ͜͜Ͱɺୈ 0

ੈͱϥϯμϜAIΛ͍ͯ͠ࢦΔɻ

Discussion

Table 5.1ΑΓMTS:100 AIΛDQN AIͱରઓͤͨ͞ͱ͖ɺୈ 4ੈͷͱ͖উ 0.70

ͱߴ࠷ͷউΛಘΔ͜ͱ͕Ͱ͖ͨɻ͔͠͠ɺͦΕҎ֎ͷੈͰ΄΅֯ޓͱͳͬͨɻ·

ͨ͜ͷੈʹ͓͍ͯɺϦόʔγʹ͓͚Δং൫ͷஔͰ͋Δ 4ఆੴʹஔ͍͍ͯΔ͕

ଟʑݟΒΕͨͨΊɺϧʔϧઓུΛࣄલʹֶशͤͣ͞ͱࣗવʹֶश͢Δͱ͍͑Δɻϥ

ϯμϜAIͱରઓͤͨ͞ͱ͖ɺୈ 3ੈҎ߱ͯ͢ͷੈͷAIʹ͓͍ͯɺউ 0.9 Λ

͍͑ͯΔɻ

͜ΕΒͷ݁Ռ͔Βɺࣄલ࣮ݧͰͷֶशࣦഊྫʹ݁ͨࣅՌ͕ୈ 5ੈҐҎ߱Ͱग़ͯ͠·ͬ

ͨͨΊɺֶश͕ࣦഊͯ͠͠·ͬͨͷͰͳ͍͔ͱ͑ߟΒΕΔɻݪҼ NFQʹΑΔͷ

ͰɺϋΠύʔύϥϝʔλͷઃఆχϡʔϥϧωοτϫʔΫͷઃఆ͕ෆదͰ͋ͬͨͱߟ

͑ʹ͍͘ɻNFQࣄલʹ༻ҙͨ͠ේ໘ʹґଘ͢Δ͕͋ΔͨΊɺͦͷේ໘ͷֶशΛ܁

Γฦͨ͜͠ͱͰֶश్͕தͰࣦഊͯ͠͠·ͬͨͷͰͳ͍͔ͱ͑ߟΒΕΔɻୈ 4ੈ·
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ͰͷֶशɺউͷมԽ͔Β͔ͳΓྑֶ͘शͰ͖͍ͯͨͷͰɺࣄલ࣮ݧͰ࠷ͨ͠ߟద

ͷద༻ɺؒҧ͍Ͱͳ͔ͬͨͱ͍͑Δɻ
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Chapter 6 Conclusion

ຊڀݚͰɺ௨ৗͷ 8x8ϦόʔγʹDQNͱݺΕΔੑͷྑ͍ΈࠐΈχϡʔϥϧ

ωοτϫʔΫͱQֶशΛ༻͍ͨճؼΞϧΰϦζϜΛ࣮͢Δ͜ͱΛࢼΈͨɻ·ͨɺ8x8

ϦόʔγʹDQNΛ࣮͢Δલʹɺ͋·Γ໌Β͔ʹͳΒͳ͍ϋΠύʔύϥϝʔλͷׂ

ͱ࠷దΛௐΔͨΊɺࣄલ࣮ݧͱͯ͠ɺֶशɾׂҾɾχϡʔϥϧωοτϫʔΫͷӅ

Εɾχϡʔϩϯͷݸʹ͍ͭͯݸผͰ࣮͠ݧɺߟΛͨͬߦɻ݁Ռͱͯ͠ɺֶशͷ

มԽখͯ͘͞ɺେ͖݁͘Ռͷऩଋؒ࣌ਅ࠷దղͷऩଋʹӨڹΛ༩͑ͯ͠·͏

ͨΊɺ৻ॏʹબ͖͢ϋΠύʔύϥϝʔλͰ͋ΔͱߟͰ͖ͨɻ·ͨɺ8x8Ϧόʔγ

ͷDQNͷ࣮ʹ͓͚ΔDQNͷར༻Λԋྔࢉͷ߹্ͱ͍͑ɺNFQͰஔ͖͑ͳ͚

ΕͳΒͳ͍෦͕ൃੜͯ͠͠·ͬͨͨΊɺॳظේ໘ͷ 26ສේ໘Λͬͯͯ͠ɺϞ

ϯςΧϧϩ୳ࡧΞϧΰϦζϜͱ΄΅֯ޓͰ͋ͬͨ݁Ռ͕ग़ͯ͠·ͬͨ͜ͱ͔Βɺԋࢉ

ઐ༻ͷTensor Processor UnitΛ༻͍ͯDQNͷΈΛ༻ֶ͍ͨशΛ͖ͩ͢ͱ͍͏݁ʹ

ɻGoogleʹͨͬࢸ Google Colab ͱݺΕΔɺແྉͷAI։ൃ͕͋ڥΔͨΊɺ͜ͷΑ

͏ͳαʔϏεΛར༻͢ΕɺΑΓྗڧͳAIΛ࡞Ͱ͖ͨͷͰͳ͍͔ͱ͍͑Δɻࠓճͷ

Ͱ༻͍ͨχϡʔϥϧωοτϫʔΫɺ͍ͣΕݧ࣮ 5ఔͷൺֱతઙΊͳਂχϡʔ

ϥϧωοτϫʔΫͰ͕͋ͬͨɺࣄલ࣮ݧͷ݁Ռ͔ΒɺΑΓਂ͍Λͭ࣋χϡʔϥϧωο

τϫʔΫɺৼΔ͍ͷෳ͞ࡶʹΑΓԋྔࢉͷଟ͍ڥʹ͓͍ͯޮՌతͰ͋Δͱ༧͞

ΕΔɻ

ͦͯ͠DQN৽͍͠ͱ͍ͬͯ 2013ʹఏҊ͞Εͨख๏Ͱ͋ΓɺΠϯλʔωοτ্ɾ

ίϯϐϡʔλՊֶڀݚɾਓڀݚͰৗʹ৽͘͠ྗڧͳΞϧΰϦζϜ͕ఏҊ͞

Εଓ͚͍ͯΔɻ2018Ͱ্ҐޓͱͳΔRainbowApe-XͳͲͷԠ༻ΞϧΰϦζϜ

͕ఏҊ͞Ε͍ͯΔͨΊɺ͜ΕΒ࠷৽ͷΞϧΰϦζϜΛಉ༷ʹϦόʔγͦΕΑΓԋࢉ

ྔͷଟ͍কعɾғޟͳͲ࣮ͨ͠ΒɺͲΕ͚ͩͷҧ͍͕ੜ·ΕΔͷ͔ͱ͍͏࣮ݧɾߟ

Δɻ͍ͯ͑ߟͱ͍͍ͨߦΛ

ʹஙߏͰɺχϡʔϥϧωοτϫʔΫͷݧճͷ࣮ࠓ TensorFlowͷKerasϥΠϒϥϦΛ

༻͍͕ͨɺ؆୯ʹՃχϡʔϩϯݸม͕ߋͰ͖ͨͨΊɺ࣮ݧΛεϜʔζʹ͜͏ߦ

ͱ͕Ͱ͖ͨɻ·ͨ؆୯ʹར༻Ͱ͖Δ͔Βɺόά͕ൃੜ͠ʹ͍͘ͱ͍͏ར͕͋ΔɻAI

։ൃʹ͜͏͍ͬͨػցֶश͚ϥΠϒϥϦ͕ଟ͘ଘ͢ࡏΔ͕ɺ͜ͷΑ͏ͳϥΠϒϥϦ

ͱ৽ͨͳख๏ΛΈ߹ΘͤΔͱɺΑΓ؆୯ʹྗڧͳAIΛ࡞͢Δ͜ͱ͕ՄʹͳΔɻͦ
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