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% @ld2, CNNi#F RNN, DNN &9 Fx=2 o]fojfct. CNNg ¥ 4%
(convolutional Neural Network)Z, & 43ste] MA2]E AIEsIEE A" OHAE mjAlER
o o Fgolch 28 AAFL AAY Ul vlee gl joz
Al QM Ze Ropo FEHD ANE 3 ot
LSTM, Bi-directional RNN, CTRNN & &3] whe &8}
= WHloz2 = AL o, Hessian FreeOptimization, Global Optimization Methods %
Alo] o] Qltt DNN2 A& Al7d%Y(Deep Neural Network)o|th. DNN2 AdH S5 53
5 Atolo] olg] 7je] eUSER olol3l AFAHYeltD & 4 Yt
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mo]ARS] A= QA 7]es d= & 2 Ao, A

2 "pito] "AlS9] o]F7| & AlFske], o|ulX|7F o =LA
.t o] & &off o|ujX|& Ed=9 7|2 LA 7F UET WUy
oAl 2ol === HAlwAstL, FFIH. Face landmark estlmatlonO]EJr‘— or 3
55 AESHY =1 S FYs 7HROHR & 4 AL F st} o]x] dE& F¥ste el
g, Deep Convolutional Neural NetworkE & A|7 zF d=Zof ofsl 128719 ESAUS A
Jote s AT o] & g2 218 A= AL AR, 5Lst =9 o8 ARl AR,

A3 oh2 Alo] AAlg Arlsts agoz olgojAlth. ofrloA 2t Az et 12874
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43S Yulgolztn BBk AN e BAF 9Al olelg AREL PP A
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B AL, 1S HE WAl o HPAE BAd S0l 52 2F AR o o
A2 Skl 7MY 7PHe ARo] RQIA] EHelst: Zock

3. £ W

Gradient Descent, SGD, Adam Optimizer £0] Q)t}.Gradient Descent &1l
A9 Qo 7HAF o] AFRE I, costwl,w2,w3)59] TS W4Tt 9l
-89t} Gradient Descento] ibg 7|AHC 2 MPAIAAN doju= Hatshs WHt(H(x)=
w2t & O)S Absog cost(W)7h |47t E= Wgtolefa gttt gkek W, b, cost(W)9]
&5 Al 2e W, WEE bt x£7]3to] off &5 Z3+=Ul minimize® W, byt
o] ©o] 2}t Gradient descent algorithm2 A &3l7]o= £ty 2 4 Q1S Zlo|ch
Linear Regressiono]A9]cost function2 3XtHoA Convex function© 2, Z2E4o] A&
A= o] £7]gto] ofty A AJANSHE BREA] FUh A9 A &gts Aotdls o] BAHN
2 cost functiong AAIE W= ¥rEA] Convex functionQlA] &holstojof sict.
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8. 3 E Als§ Ay/IFE A
+ Simple CNN ¢12]58 HAEsSH= ot
E+= B2i9d2 °] &350 mnist Ho]H & tF HolE & 0|55t L Eo|0.

Using TensorFlowbackend.
Downloading datafrom https://s3.amazonaws.com/img—datasets/mnist.npz

11493376/11490434 [==============================] - (s Ous/step

WARNING: Loggingbefore flag parsing goes to stderr.

WO071801:51:48.211470 139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist—-packages/keras/backend/tensorflow_backend.py:74:The
name tf.get_default_graph is deprecated. Please usetf.compat.v1.get_default_graph instead.

WO071801:51:48.247140 139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist—packages/keras/backend/tensorflow_backend.py:517:The
name tf.placeholder is deprecated. Please use tf.compat.vl.placeholderinstead.

WO0718 01:51:48.256267139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist-packages/keras/backend/tensorflow_backend.py:4138:The
name tf.random_uniform is deprecated. Please use tf.random.uniform instead.

WO071801:51:48.316578 139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist-packages/keras/backend/tensorflow_backend.py:3976:The
name tf.nn.max_pool is deprecated. Please use tf.nn.max_pool2d instead.

WO071801:51:48.322711 139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist—packages/keras/backend/tensorflow_backend.py:133:The
name tf.placeholder_with_default is deprecated. Please
usetf.compat.vi.placeholder_with_default instead.

WO071801:51:48.333630 139920813651840 deprecation.py:506]
From/usr/local/lib/python3.6/dist-packages/keras/backend/tensorflow_backend.py:3445:callin
g dropout (from tensorflow.python.ops.nn_ops) with keep_prob isdeprecated and will be
removed in a future version.

Instructions forupdating:

Please use ‘rate‘instead of ‘keep_prob’. Rate should be set to ‘rate = 1 — keep_prob’.

x_train shape:(60000, 28, 28, 1)

60000 trainsamples
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10000 test samples

W071801:51:48.418620 139920813651840 deprecation_wrapper.py:119]
From/usr/local/lib/python3.6/dist—packages/keras/optimizers.py:790: The
nametf.train.Optimizer is deprecated. Please use tf.compat.v1.train.Optimizerinstead.

W071801:51:48.427948 139920813651840 deprecation_wrapper.py:119] From
/usr/local/lib/python3.6/dist—-packages/keras/backend/tensorflow_backend.py:3295:The name
tf.log is deprecated. Please use tf.math.log instead.

W071801:51:48.574711 139920813651840 deprecation.py:323]
From/usr/local/lib/python3.6/dist—-packages/tensorflow/python/ops/math_grad.py:1250:add_di
spatch_support.<locals>.wrapper (fromtensorflow.python.ops.array_ops) is deprecated and
will be removed in a futureversion.

Instructions forupdating:

Use tf.where in2.0, which has the same broadcast rule as np.where

Train on 60000samples, validate on 10000 samples

Epoch 1/12

60000/60000[====== ===========] - 190s 3ms/step — loss: 0.1852 — acc:
0.9443 -val_loss: 0.0511 — val_acc: 0.9828

Epoch 2/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0746 — acc:
0.9783 -val_loss: 0.0359 - val_acc: 0.9882

Epoch 3/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0580 — acc:
0.9828 -val_loss: 0.0337 — val_acc: 0.9894

Epoch 4/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0528 — acc:
0.9847 -val_loss: 0.0308 — val_acc: 0.9888

Epoch 5/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0484 - acc:
0.9859 -val_loss: 0.0291 — val_acc: 0.9909

Epoch 6/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0455 - acc:
0.9867 -val_loss: 0.0355 — val_acc: 0.9876

Epoch 7/12

60000/60000[====== ===========] - 187s 3ms/step — loss: 0.0433 - acc:
0.9871 -val_loss: 0.0345 — val_acc: 0.9890

Epoch 8/12

60000/60000[====== ===========] - 189s 3ms/step — loss: 0.0405 - acc:
0.9881 -val_loss: 0.0274 — val_acc: 0.9916

Epoch 9/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0380 — acc:
0.9894 -val_loss: 0.0253 — val_acc: 0.9918

Epoch 10/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0382 — acc:
0.9888 -val_loss: 0.0269 - val_acc: 0.9914

Epoch 11/12

60000/60000[====== ===========] - 189s 3ms/step — loss: 0.0381 — acc:
0.9887 -val_loss: 0.0392 — val_acc: 0.9881

Epoch 12/12

60000/60000[====== ===========] - 188s 3ms/step — loss: 0.0358 — acc:
0.9897 -val_loss: 0.0279 — val_acc: 0.9913

Test 10ss:0.027926094066183942

Test accuracy:0.9913
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from _ future__ import print_function

import keras

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Dropout,Flatten
from keras.layers import Conv2D, MaxPooling2D
from keras import backend as K

batch_size = 32 H[|x| 7|
num_classes = 10 24 ¥ s 5
epochs = 12 Wh=E2

Y ojnlA] Z7]

g_rows, img_cols = 28, 28

THAGolH, HAE Hojg 2327

(x_train, y_train), (x_test, y_test) =mnist.load_data()

7letA "’A glole] FAlo giA| HA

if K.image_data_format() == 'channels_first': (4Jo]E|7i5~, A2 2~ 80, 4)
x_train = x_train.reshape(x_train.shape[0], 1,img_rows, img_cols)

x_test = x_test.reshape(x_test.shape[0], 1,img_rows, img_cols)
input_shape = (1, img_rows, img_cols)

else:

x_train = x_train.reshape(x_train.shape[0],img_rows, img_cols, 1)

x_test = x_test.reshape(x_test.shape[0],img_rows, img_cols, 1)
input_shape = (img_rows, img_cols, 1)

Hlol e et &

x_train = x_train.astype('float32')
x_test = x_test.astype('float32’)
x_train /= 255

x_test /= 255

print('x_train shape:', x_train.shape) =<

print(x_train.shape[0], 'train samples')
print(x_test.shape[0], 'test samples')

# convert class vectors to binary classmatrices
(A W Z ojxl4 ZEiA PP = Wl

y_train = keras.utils.to_categorical(y_train,num_classes)
y_test = keras.utils.to_categorical(y_test,num_classes)

model = Sequential()
Atrnday( eds, 5345 78
LRSS

model.add(Conv2D(32, kernel_size=(3, 3),
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activation='relu’
st slara A2

A 25t~ Rectified Linear Unito]gts stz

W)= {28200 gag weo,

input_shape=input_shape)) 712 %412o]of (27 d5 A5)

model.add(Conv2D(64, (3, 3),activation='relu')) 71
model.add(MaxPooling2D(pool_size=(2, 2))) i A=

=
=

2]
[e]

model.add(Dropout(0.25)) E&ob&4|2] A& =57}

model.add(Dense(128, activation='relu"))
model.add(Dropout(0.5))
model.add(Dense(num_classes,activation="softmax

AZEWA BRAAEER HTOIEE B4

(
(
model.add(Flatten()) 1x¢¥ o2 ¥zt
(
(
(

print('Test accuracy:’, score[1])

p).

IR 22571950AHE

model.compile(loss=keras.losses.categorical_crossentropy,

optimizer=keras.optimizers.Adadelta(),

metrics=['accuracy'])
Qoloky ety AAISEAZE A

(£A8tr L cost 3H2aln T 5H0 Q2]7} A Astelels 2 &

sfolmufetoleighe welo] &g

(dto]mm}2tu]E = learning rate, == gamma &2 %X

model.fit(x_train, y_train,

batch_size=batch_size,

epochs=epochs,

verbose=1,

validation_data=(x_test, y_test))

score = model.evaluate(x_test, y_test,verbose=0)
g 7l gk scoreolgt Wi A7
print('Test loss:', score[0]) &Alshy Ashe =2

print('Test accuracy:’, score[1])

Pre-URP @5 &5 B AL ch3} Zo| Hyghch

_35_



2019 afstEM AT Q2 2O A ZN HIA
TR2019-085 (G03) p.301-316

&S ZalelaS 018 Mol 2| sHZE B4l
r So

A Quest for Solving Control Problem Using Deep Reinforcement Learning

AAA =2 GIST %?M%ﬂxﬂ ‘%‘— FAISEH =
d F A gAFZAFATDS

Aietd & 9 ?'ih"’L HEA]

°I
-Lr 1ok

o|Z}FA]

2l =
AABgnEFE P9
A7 BgnEtn 9

KAIST 2et3rus

Global Institute For Talented EDucation




SIS AT
Global Institute For Talented EDucation(GIFTED)

OetEal Py Y2 T2 ZaR TN

G03. &E detelas 018 MO 24 o2 FHM

A Quest for Solving Control Problem Using Deep Reinforcement Learning

Student : CHESAISIISSI 25H4 0|&4, harry020606@naver.com
QlMAtsto ety 180 AEM, jsk491039@gmail.com
Artastnsstn 25t UREl kas8826@naver.com
A7\t sstn 194 =™l him030107@gmail.com

Professor : GIST 7I&&MEE FHSE, ryu@gist.ac.kr

R. Assistant : GIST 8&7|&stXaE HLiY, astra0314@gist.ac.kr

Abstract
2 3= 22O HOEHME oiZst7| gt otLiel EMo=N Zalsls Al O XH0M 71 stas o
St=XIE YotH7| et AFO|Ct O] ARE LfloiM 22l= OpenAl GYMO| U= Cartpole Simulation
242 0|83;Lt. Cartpole?] DDON 2EAA FEOM 71222 HEEOU= Hyperparameter 851t &
& 332 oL 2|7t Aoz Fot YHsH 7HAan ERE HHEPO 20 22 10034 HHCt Al Zat
£ B JHEZ LIEHHY 0| 240 718 E2 H+E %= Hyperparameterg R0ti= Y42z A+
£ TISSIQICL 0| Soff 227t Yo Z|X2Q| Hyperparameter 242 Z&St RDHE 10005 AA|I7|1,
QEAAN 2 UH Hyperparameters HEFAOZ 510 2 100 SO A|LQ| HAEXM4IF 1953 0]
0| He 2+E MFYoldl 0| E XY HIWIHCL O|F Solf 22|29 AFRIL LEAAN UAH 7|ES

Hyperparameter®f| HgH O £2 H+E HCh= AMME &0 & 2 UCH
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1. ME
2 g7s QSXs detetEE 018510 7IE0 MX|E E2 HOoX|X| REEE FIEE ZHRE MOt Wt
o] 25t HOZM AHMHMOZ= Cartpole Simulationg ALE5H0 %[412] DON (Deep Q_Learning) ¥112|
E2 HMEoll 0| Y12|FEQ 02 HESS WHAAZIHAM Z[HQ| ¢SS = HFO0ICH

oY
o

Sl50| ¢ FUo=z, WIAMES0IN FES WA O 2t oM HolE GOIHETL 4
EiE QlA5ie BAS z|tislole WSiCZ #ESS MY sl HHO|CH(Sutton & Barto, 2018) & H&iot
AH, Zeleks2 2 MEoMe WS M2t B4 e WEE Sl0, Hi 20| FSEE YYCE Sh50|
Tisiz|= Zd0|ct 2AF ZHS 03] H SXA|F{0F G122 A|Zt0] Q2 ZZICL SIS 220 e L)
Z0| OfLLCt 1997119 MAlz{d WXH(Sutton & Barto, 2018)0lE M0 QUEH Ot= Q= AT2|=0|X|Tt
FQ% YUFOZ ZtF HIX| ZoIRACE. oFX|TH 2010 A7t =1, Z5HstE(Reinforcement learning)2 0|
2510] Atari breakout(Minh, Kavukcuoglu, Silver & Graves, 2013)0[2t= HHE 17| HUS QZX|S0|

E01& £ UA Z[MA, BAO| HX|1 HIE QEBX|SQ Alphago(Silver, Huang, Maddison, Guez &
Sifre, 2016)2] A LTZFOZ MO|HA S FZZ HIQUCY
ZslskEgo| HHMOZ = Q-learning, Q-learning table, Q-network, DQN 50| QICt.(Sutton & Barto,

2018)(Anschel, Baram & Shimkin, 2016) DeepMind= 0[2{8t Q-Network?| =QtHslCi= EME JHM

Sl LMIE JHUSIALCE. Q-Net2 O YUHE = 2F0| 4T RAlStD AEHO| Ot MHE Eof o=
A 2|EQ! linear regressionZ HMUZ sH&EEH £ 0, HSIAZ|D MX| ¥ target &4=Ql Y ESH HGt
L= AOICE AET Q-LearningR2E 2= AYS 7oy = UL LZF ZH0|0)7t #HIO} =8 & M,
T U ZY0|0ls =2 MEE UINGIH YYo= 0|t ™A 5t Z(0|0j0ttt M= ef&dh= 0|
ofL|2t, otto] BHS MESITE SHUCL A0 oS 22 19 24 a2 U E oh=h|, 0] X70tg 0|

N

HA
817 LU st0] L3 A7| B3 QIR XY FS 0.059] HY S F12 FUCD B YsiSlS
k

SoiM= ANN 221213 &3t Ol MY = U= LUuEES IS
[e] 2
= 7|2Hez HieA o &+ AT

Q-Learning0| E20| E= ®2l=, 02 2| rewardd| 34X rewardS &ell H|0|ESHH Sk&

O|Ct. HYM HACS QF 022 X7|st6t 7| F&t5| AL st&5S UIEotH agent/t =2 Q s 71X 42
OP7HA ECH £ CH2 #HOoZ= DeepMind2l 0| QUCH O|= non-stationary targetS GHZsH=H|,
layer =2 S7tA7|11 L& ESH BIHAZICE &, experience replay W agentl| action2 TA SHEA|
7IX] 21, HIElE A0 XMES = 0] MELOM JHM2 HHE MES

networkE 24tA7|= OtX|9 B2 02 networkOlM THE S 7MY, EF w2 7IM2E= network

Tt HHO|EAIFA, AlIZIO| XLt S Q #E =Atehk= A0t

o] 2XZE=, Deep-Q-learning®lA Hyperparameter Bi3}0f| 2 Cartpole AIEH0|M £ M&s
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B H3E XIS A2 OpenAl GYMOIA XiE5Sk= Cartpole 2t0|HZ{Z|E O|E34C}.(2019) ESH MAL
TS ?lol Keras 2{0|EZZ|E AMBSIRILE(2019)

2 J7E Te WHOR=, Hyperparameter a2 HHRO| 20 7tE ZX3E Hyperparameterdts 3t
= YHOR TIWSIUCL ZXSHE Hyperparameter ZtS SESHHA Z|412] HIO|E 100742 HF0| 1957}
g OMDAES M3 CZEE gt Hlwdit

2 XlIgist giHo=Z= DDQN(Hado, Silver & Guez, 2016)2 AtE3i=0l, DQNO|
& QU= action & 0|22 EH0| 7t Z actionE neural network® 0|&5t= 0|

Ct. DON2 0&2 ™ MAE 21 ot=0l, J2HA actions olHA MW Arets ZHEL 2 US 6S
tCt. DDQN° Double-Q-Learning + DON2| X2, & 4o RHES HZUO0} 7IH FYHO= st&ut o

o

|-i

Lo E¥

HAAE TISHE Mo action SRE= FHRE 109 &S 7t & U4, state ZFZE cart position, cart
velocity, pole angle, pole velocity at tip0] USH, AsIskES TS 0| rewardE F= WHOZE=
oY UoR BE AHION +12 otd HEE 1002 AL0jA M40 WH0| 195 O|MY ZHL M
Zoz X2t

Q
rlo
%

Figure 2.1. Cartpole Simulation

Hyperparameter Z=Z&= gamma, epsilon, epsilon_min, epsilon_decay, the number of layer,
batch_size, the number of node, learning rate, loss function, optimizer, activation functionO| !
Cf. 2 AFOIM HSIAZI Hyperparameterdfidt 19| |7kt XUt HelZ2 T30t ZCt
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Table 2.1. List of hyper parameters in which each student was responsible for the study.

3.1 vE HEAZ A
z

g 2 e 0.956¢ of

Gamma_0.5
Gamma 0.55
Gamma_0.6
Gamma_0.65

Gamma_0.7

Gamma_0.75

Gamma_0.8
Gamma_0.85
Gamma_0.9

Gamma_0.95

F31SHE0|AM agent’t HIEE%0Q!
7t

o WAXA

aoT

Mean Accuracy
0.731751
0.744472
0.750986
0.745162
0761117
0.773292
0.751084
0.770157
0.773685

0.802066

Table 3.1.

Acc Std
0.030679
0.034672
0.033247
0.034871
0.032267
0.0359
0.035634
0.044682
0.046902

0.055306

Mean Loss
0.086577
0.071519
0.075533
0.083942
0.078014
0.093861
0.090977
0.131104

0.099618
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Loss Std
0.033090
0.040045
0.041174

0.064952

0.069860
0.053279
0.105755
0.070340

0.174014

Result of 7 changes.

Mean Score
55.120000
75.726667
72.860000
80.433333
80.753333
81.113333
81.670000
74.156667

109.363333

147.496667

Score Std

44376333

58.097951

52421374

88.138554

102.185566
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3.2 ¢S HSAIRI A}
e2 ZEIE0M 7|12 ZES FAGIE MEZR ZRS Alxdl & SEO0IL £-Greedy LIUI2FHME et
ZASIH M| 7HX| o7t ULt €2 =g, episodeliCt 0| At HE, J2|10 9 FEAUOIC €9
ZAUZ I 2 10 ‘eSS G UM €9 HAER2 A F0| 71 A2 0.992+ 0.9500A,
B BEHXIE 1251H T 429 20| 7ty UL 9] FXA2 VMY A2 0.06Y O BESIt
by wUCt
Mean Accuracy Acc Std Mean Loss Loss Std Mean Score Score Std
epsilon_1.0 Q.051981 0.119817 0.063019 119.050000 86.985789
Epsilon_0.9 0.050366 0.189002 0.086592 111.843333 72170069
Epsilon_0.8 | 0.798456 0.068715 0176828 0,098381 103,323333 75781300
E- Q.059021 0143407 0.062724 102,660000 69553752
epsilon_0.4(0.813177 0.053539 0312820 0.301447 95.090000 87.245412
epsilon_0.2 [ 0.819327 Q.057665 0.344840 0.273616 62.380000 67.504189
epsilon_0.0 | 0.900229
Table 3.2.1. Result of & initial value changes.
Mean Accuracy Acc Std Mean Loss Loss Std Mean Score Score Std
epsilon_decay_0.99 0.051981 0.119817 0.063019 N2.050000 86.965789
epsilon_decay_0.95|0.802286 0.109406 0.068076 133.56 121.689960
epsilon_decay_0.9(0.820484 0.051507 0317273 0188461
epsilon_decay_0.85(0.805510 0.056113 0.168112 Q76496 12.87 92 440863
epsilon_decay €.75(0.864223 0.057190 0.270465 Q186571 _
epsilon_decay_0.65]0.853662 0.059845 0.270297 Q201109 97,93 124.815805
epsilon_decay 0.55(0.830453 0.058626 0.313720 -gﬁ,&’l 77.520412

Table 3.2.2. Result of & decay rate changes.
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Mean Accuracy Acc Std Meanloss Loss Std Mean Score  Score Std

epsilon_min_0.05 0.788488 0.048596  0.134474 0.083725 129.643333 100.569724

epsilon_min_0.15 0.805698 0.063528 0.217292 0.129243 105.630000 103.206297
epsilon_min_0.2 0.826106 0.061435 0.181921 0.092349 99.200000 69.066634
epsilon_min_0.25 0.805447 0.057886  0.186540 0.060679 66.900000 44.462456
epsilon_min_0.3 0.830427 0.048879 0.225662 0.096740 69.223333 61.322536
epsilon_min_0.35 0.819767 0.068152  0.246172 0.079070 52.333333 43.847944
epsilon_min_0.4 0.803863 0.050052 0.196449 0.053446 50.973333 43.356729
epsilon_min_0.45 0.809163 0.045979  0.278367 0.124410 47.723333  38.771641

epsilon_min_0.5 0.813189 0.062591 0.254289 0.108935 38.673333 37.764268

Table 3.2.3. Result of € minimum value changes.

3.3 4AY0| FGES F= 45 HSARI ALY
MBU Layer =, ot B0 FEUH 9| 4 = Batch size, MZAY &t Layer® Node =2 Ei})q?:]
HUT Layer®| == 530 42 BH™7t 71 SUCL Ofi “H 3.3.170M ZHEE Layer?| =

M LayerS HM|Q$ Hidden LayerQ £=Bt Ml Zi0|Ct. Batch sizee= 32¢ Mf 7px HAELTL UL

Node?| = 240 I 7+ o Es7t UL

o
o
o

R

o

o

Mean Accuracy AccStd MeanlLloss LossStd Mean Score
layer_1new 0.807038 0.060173 0.286814 0.244141 9046

layer 2new 0.818920 0.060005 0236000 0.211184 103.01 77314746

layer 3new 0759242 0.040012  0.144954 0.108510 107.73  72.089230

layer_4new 0.769768 0056746  0.119795 0.077862 140.61 139.228433

Table 3.3.1. Result of number of layer changes.
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Mean Accuracy AccStd Mean Loss Loss Std Mean Score  Score Std

Batch size 16 0.807411 0.059189 0.133981 0.110353  117.020000
Batch_size 2 0.903925 0.077448 3085.628616 3976.631933 8.543333
Batch_size 32 0.805331 0.059202 0.057808 0.087504 166.043333
Batch size 4 0.840136 0.092063 0.875014 1141699  77.340000
Batch_size 64 0.775285 0.046925 0.242609 0.114009 64563333 58.747703

Batch_size 8 0.819753 007835 0427599 0581146 101.816667 100.962979

Table 3.3.2. Result of batch size changes.

i Acc Std N Loss Std ] Score Std
Accuracy Loss

node 12 _new 0.814661 0.059917 0.207998 0.150407 90.32 87.185650
node_18 _new 0.832130 0.060477 0426922 0.236584 5136 51.035384
node_24_new 0.780848 0.041645 0.129672 0.084493 106.87 61.259882
node_30_new 0.843613 0.068860 281360 0.189190 88.20 103.756446

node_36_new 0.815208 0.06133 223438 0.193777 88.31 63.1464438

node 42 new 83 0.061699 .3 36 03 3 67.16  54.818012

node 48 new 0.801991 0.048209 0.132085 0.057578 92.77 59.0592638

Table 3.3.3. Result of number of node changes.

3.4 Learning RateZ tH3[A|Z] ZHu}

MZAYU9| Learning rate= Gradient descent algorithmOA Loss 849 z|&742 HOt9| 2tAHoZ 3t

X| stz 4=0ICt. Learning Rate?t LS ZOM H|GHE AlZh LHO| Z|Z=ZH00 Z
[o]

AL
T
global minimumOi| CH7p7tX| 2ot 2isf HEICH Learning rateZt 10-3¢ M "WAX4I}F 71 UL
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AccStd Mean loss LossS5td Mean Score Score Std

0.040402 0.632140 0.151137 11.447703

0776469 0.066734 2260812 0.084821 3 46911059
0.836933 0.067090 3633 0.313174
0.073137 H98153 0.686824
8 0.,154024
0.092486

3445

Table 3.4. Result of learning rate changes.

3.5 MAY0 A= E+ES HEAZI At

AMAYBO| Loss function, Optimizer, Activation functiong H3IA|Z] ZAMO|Ct Loss function2
absolute errord I, Optimizer= Nadam(Dozat, 2016)¥ [, Activation function RelLU(Vinod &
Hinton, 2010) W7} 718 LWHd™E47t =UCE Of2f “H 3.5.1"0HA mse= mean squared error, mae=
mean absolute error, mape= mean absolute percentage error, msle= mean squared logarithmic
errorg 2J0[StL},

Mean Accuracy Acc Std MeanlLoss Loss Std Mean Score Score Std

history_mae 0.847372 0.079866  0.803108 0.348869 26.46 27.331454
history_mape 0.846321 0.070858 6.562410 4.368073 4742 47286823
history_mse 0.804244 0.048988  0.712625 0.482460 152.96 73152159
history_msle 0.798530 0.062681 0.032420 0.071997 137.79 92.748185

history_squared_error 0.808593 0.054112 0.264715 0.211058 73.47 48.365991

Table 3.5.1. Result of loss function changes.
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Mean Accuracy Acc Std

Adadelta 0.780203 0.069258

Adagrad 0.809375 0.086844

Adam 0.790213 0.047936

Adamax 0.065925

W ELEL 0.809980 0.056819

RMSprop 0.799705 0.081339

a0
2-’)0

SGD .86, 0.066499

Acc Std

af linear 0.092762

af relu 079389 0.059144

af_selu 0.818190 0.043959

0.807502 0.064091

af sigmoid

af softplus 0.810291 0.050347

af tanh 0.041404

3.6 Zut ¥ A oty
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Mean Loss Loss Std Mean Score  Score Std

0.700990 0.099363 £.920000 1.653360

1500182 0.686121 8.970000 2447264

0162387 0.121084 105.100000 75940964

0626878 0495371 117460000 150423364

0.170658 0.218150 153.920000 149.115527

0278527 0.211247 66.756667

0.446385

Mean Loss Loss Std

1.281619 0.724548

0086322 0062721

0.149541 0.107850

0407049 0.270242

0.201380 0.147058

0.125216 0.057162 71.001747

MO BHSIAZL 1171X]Q] HyperparameterS0| 2f2b z19| HHAMQL z|oto| HHMSE HAUS M2
ZANE ofLto] HE H2loIRUCH. H4-9 EEMA} £ 17249 thA0| QUL SHXIPt BE RHO| X7|0=
R 2 2 AEGH| WE0, 7t 2245 BEHAPD Xz 40| UM J2iM HH eIt
R20|5HA X0|Lts 22 HHA4E 0|86 =18 WHSINCL FHMSE £918 Ji2le 0| R0 3
EE OfF H|XTt A0t EEHXIE 0|85 &S HHESIFC
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20199 WSIEX MOoiR AR TE2J ARZMEIN
Hyperparameter Name [N
0.95 Gamma 0.5
1.0 Epsilon 0.0
0.05 Epsilon_min 0.5
0.95 Epsilon_decay 0.75
4 The number of layer 2
32 Batch_size 2z
24 The number of node 18
ReLU s g Linear
Squared error Loss St Absolute percentage error
Nadam Optimizer &4 Adadelta
0.001 Learning rate 0.0001
Table 3.6. Result of every hyperparameters what we researched.
rE ME2LE §2X0 ZEE HY AOIZtD OMEUCE SEX|TH XOtE+E BRESTH ROMM MBSt 7hE
A2 20U 0.50IM z/2e AWE WL AHESH 71 2 UOIUE 0.95= IE EMXIIL default 2R
ok a0, =119l AME WL 2 dY0| LiEHt= 0|R= HIEEXQ Z20 HFE X2 HF+E E2
2 Qs ‘HIESH0|H2E M3 = Us ZE'E BHMoIX| = 4?7t LEiLlE AR ofiMet o~ Lt ¢
2 ZF|0lz 24, 7|0l 2 A0| HAXMO= T2|X0|Ct K £0] M| ZAst0 7|0 SE5| M
2R 425 M & Jts88 = A0 22 HE de WHO[2tY SHMELCE Layer 2 Node &
HE oM MALU0| Lop Ml WS LWH2[7] ofFCh HHH HF ZH MAY0| O Z NodelQ
weightE TE0ol7| (HYXEZ MIYS S H= 7 SQ06IL. Cartpole ZHE dHZot= & DDONOM=
Layer= 57H, Node= 247K & M SutXQl ZHOZ SHMELC} Batch size= {2 F45| H0| &S X
StH H0| FeE2 FX| SL0toF St} SEX|EE Batch sizeZt WE I7LL &2 If M7t Sl2fol= M2,
L2|7F 100219] sHERH0| AlbstA] 947 HELZ OAE LDt Learning rate= H&3MX HF I ikoll
H2 Xto™ XMASE AZH LHOY| loss &4=2| local maximumO| =28 £ giCt 0] M&HMAM= 0.0010] =
o U= HHSt el Aoz SHMELCL Loss, Optimizer, Activation &+52 Z=1#o| IHOIC CHE A
2 ALZal{oF St 22|19 EMUME M 2 RF et feHOE 2200 AMEET| ARG 258 AR
StH O £2 XM4E Y= ZOZ LIEWLCEH & Activation functionfiMsE DMl ReLUNA 7t £2
HE 2UC
3.7 10002| H3sl = At
Cartpole simulation?] 722 2 1008 SO A9 &7t 1958 O|&Y M siy ZHO0| MIUCt
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TR0 T2t pass E7| flet Hd MLIAE = default ZR0|A 2562|¥U2D, 53] & 23|=
2 M7HX| pass E|X| ZoIUCE. 2ot S2E W7HA|
DHe 53| BF 215H9| WI|AL Ot pass EIUCH, T OI|AL

7t Hyperparameters &

Final Episode  Mean Score (Last 100 Epi) Score Std (Last 100 Epi)

Default T1
Default T2
Default T3
Default T4

Default T3

TheBest_5000 final_1
TheBest_5000 final 2
TheBest_5000 _final 3

TheBest 5000 final 4

TheBest 5000 final 5

met Qe £
27} #xolztn

A =MUZ default

O Al

dgt 20| d

1000

(a)

Final Episode Mean Score (100 Epi)

118 195.08
19647
195.61

195.62

195.48

(c)
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ot
M

71X 2EE 10003 AldlsH &

o

Ot @M Q@ AA FCQO| 7|82 A
Xt2lof chelet =
t. 1 Z3} Cartpole simulation2]
10003|7t
B best
Sl 22

a3
A

=1}

815 Hyperparameters =

DY best ZHO|2tT

g MBAIZC
g2z
oot B OIAE E 549.63(0|Ct.
151.881%C. 01

UALE.

AL
T
=3
o

=

efault TEELCH HS50|

Score Std (100 Epi)
196,08
19647
19561

19662

200

Figure 3.7. (a) Result of 1000 times running with pass option of default model. (b) Graph of 1000 times
running with pass option of default model. (c) Result of 1000 times running with pass option of best
model. (d) Graph of 1000 times running with pass option of best model.

4, 42
Mo 2HE oiZsls LHORE J|ASSN T2t ARHSSA T20| AS AOICL 7|ASSH H22 =
2|st HAl O2HHA AHMS Sof HEE HE o WHE H= A0|Ch AFHIEN HI2 #H2 He
O] ZR 29| [HUD Hi= GIAZ Eil ZEXOZ Z|XQl wHE F= Z0|Ct. Q2= 0] AN
CartPole £ Z0|AM2 X0 EHE ZHBEEZSXOZ M50 HyperparameterS S HIOIA LASIA|
7|0 71 £2 ZUE We WSS HOHULCL
2|7t AYst AMoA  x[HQ HyperparameterZts HMElotAH gammas= 0.95, epsilon2 1.0,
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2019 distExy HEHAF YFE D23 AFZENENM

epsilon_min2 0.05, epsilon_decay= 0.95, the number of layer= 4, batch_size= 32, node?| +&
= 247Y, 8435}t g+2= RelLUB%, Loss &4 Squared error, optimizer &42& Nadam, learning
rate= 0.0012 Zdsk= A0| 71 of5 880 ULt & = ULCL

7ot 2Z0ME O0l218t HyperparameteratS0| 718 ERUXID, MM Z2[& RHOMe= Cf
£ 52 Aoz OMEC. M 2™ oMz AlZH 0|8 Hel 5 7f-'-E T 9.81t OJM|GH
A CE2Y, 7] ML OFEE EMSCh Mo £F AR ASH0[Mat oMz IA CHEL)
CartPole Simulation EZ0ME A0 LXHSH 2lS 71610 cartE X SAA9| carte HEE Sdf
DEQ9 SIMZAEZ HO{=ICE CartPole Simulation M= pole £ MAEQ pole?] ZT-E X6}
X2t HMOME cartt] ©2 MEZEZ pole ZHEQ| HSIZHHI0| SXEIK| 26t

237
=

x|,

>

doz 2|7t O oijop & YSO0| L AM=E, QIZtE BWot= ALE Z&chk= AOICE OIS S0, AE
0] HMASS SCH SRoIH HE0| & =He AN 243t 0| randomgt noiseE H7toll EXt= Wl
HOl Of0|CI0{7t UAKXITE HAFI|Zt St MSGHEX| ZSIUCE. =M=, © H2 episodedAd 2zt
hyperparameters0| O{™ performanceE HO|=X| &Eot= 0Tt 22| AWM= Azt EHZE 2
hyperparameterS2 100 episode | MSIHA ZMUE UL D2HF episodel 7t FE0| AHRICHH Lt
£ Zut g & U0k Amiz, AFHON HE S0IRE 21X Cartpole ZHES HEMZE 2bHSH F AE
oM 2t@u Sid SFS H|wsk= A0t O] & BA2 Z X0|7F F A0, E5| MMz O EH2
HE D2sliop & AO|Ct.

HoEd
keon, . . (2017, ). deep—qg-learning
Vinod, N. ., & Hinton, G. . (2010). Rectified linear units improve restricted boltzmann

machines.. Proceedings of the 27th international conference on machine learning (ICML-10)
(pp. 807-814).:

Sutton, R. S., & Barto, A. G. (2018). Reinforcement Learning: An Introduction (2 ed., ). (MIT
Press, Cambridge, MA: )

Silver, D. ., Huang, A. ., Maddison, C. ., Guez, A. ., & Sifre, L. . (2016). Mastering the game
of Go with deep neural networks and tree search.. nature, 529(7587), 484.:

Sharma, S. . (Linear Regression).

Minh, V. ., Kavukcuoglu, K. ., Silver, D. ., & Graves, A. . (2013). Playing atari with deep
reinforcement learning. arXiv preprint arXiv:1312.5602..
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Hado, H. V., Silver, D. ., & Guez, D. . (2016). Deep reinforcement learning with double

g-learning.. Thirtieth AAAI conference on artificial intelligence.:

Dozat, T. . (2016). Incorporating nesterov momentum into Adam. International Conference on
Learning Representations (ICLR).
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a4t 2= MIUoA Command Line Interfaces HY E”“a"?i'lf AH < Docker01| HM&ot7| flst 2=
A HHOT QK| Foll HEZHN M FAUCLH ofX|ZH MU= SHAlst M4, SXALEH 1HS MO 2 HiRS
NS, Ol AlzFe HFE WX RIS AS 2F T B 5 A= 7I8UCh= AOICh Y= A& Rt
£ HiRE= AHZO| 2 Hibl, 0| Pre-URPXME™ Z£2 7|37t £ FO{X|7|2 HIZILCY.

LH{EAN Pre-URPE & 7|37t 8 EHISHAT & THMsl2tY Z3Es| FMetY A0t 1Ssty 39 & o1
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