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Abstract

Recently, the Q-Learning algorithm, which is one kind of reinforcement learning, is mainly used to
implement artificial intelligence system in combination with deep learning. Many research is going on to
improve the performance of Q-Learning. Therefore, purpose of theory try to improve the performance of
Q-Learning algorithm. This Theory apply Cross Entropy Error to the loss function of Q-Learning
algorithm. Since the mean squared error used in Q-Learning is difficult to measure the exact error rate,
the Cross Entropy Error, known to be highly accurate, is applied to the loss function. Experimental
results show that the success rate of the Mean Squared Error used in the existing reinforcement
learning was about 12% and the Cross Entropy Error used in the deep learning was about 36%. The

success rate was shown.
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Figure 1. Google Deep Mind's Atari Game
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2. Related Study

2.1. Double Q-Learning

2010 ' NIPS off & EEl van Hasselt, Guez, & Silver (2016)2| Double Q-Learning o [I2™M Q-
Learning 2 & 2 &36tX| §f=Cl O|2{8t O|R= &S Ztel 2 1o Trtol ofsH wetctn &FCt. ol2d&t
oo "I7te= Q-Learning O 7+Ha Z|CH S Lo ZAXIZ zICH S 22 M836H7| flall =& & E+2|
Htolo{Aof 2H St

Double Q-Learning 2 Q-learning 2| O|2{8t &&tE 8t7| &l Ctant 22 411 2 AI&5to{ Q-
Learning 2 +& st}

2(1)

=(Qls.a)— (r+IQ (s, pargmax, Qls.o, )))
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2.2. Duealing Q-Learning

2015 'c Wang(2015)0| 2o|all & & El Dueling network architectures for deep reinforcement learning 2|

=&0 (2™ Q-Learning 2 Z&tet&0l e stAH 7| @6 A7 5t[CEH

Q-Learning € & Al M 2 20 & stLivt Ol2iel Q2te olE st= Aol Dl2ie| Qéts
oFst7|= &Xl efct 2= 7| 2ol Qg HdEst7IEC Z7IEH™ V(s)E d8al JoixQl Q 2tel #tol
A(s,a)E ddsliQ gt o

4(2)

Qs,.a,) = Vis)+Als.a)

2.3. Modified Q-Learning

Kim(2008) .42

=0 [M=™ Q-Learning 2 EdS deE 37tn ¥el 372 Holstn FHAf
MEHZRE 5 SRS |

9
HEjoll ZE S| 218 zxo| ™

gL, A5l YES7in deSTE Uxstes AR #E0l Q-Learning € X838t7| fIsHM=
LT B2 ol 7| Sk st& Alztol 225t H 7| mZof

Modified Q-Learning & T 2|& & A|Ct 57}
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4. 8Bl s o Ml Aaliob A=A (9)0l 2l T & . (IHE = Random action &)
5. AYEIHRIE TSI, Reward EY =Lt

6. FHYENE0IM2l Q US4 (8)EAE 30T EIL.

7. FHYEIS MR MO|E LR Q US A (8),(9) S AHE st AIE T}

2.4. Loss Function
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&4 e HeldoM AI85te ¢1ElE 859 ‘LE’S UELE RIEE #xio| dEdYo| &
COIEE UotLt & AMEletR| ‘= st=LkE LIEtLHE & =olct. 222 48 U2 HEFS
Hetst7 o|F o Blctm = = ULt

A= oS0 T E HWotste M2 HEAMEZ 2R (MSE), Ma2 BEM&E2A (RMSE), B
MMM EQXHMAPE) d2|1 HZHEHRQX (MAE)SO| UoM ZEEg dizl&oAMes tiEE
BRMEZ22AHMSE)E £351 AI8stH A™”o AEF Q-learning €12|& Edt £4Es=R
M= 22XMSE)E AFE st ULt

2.4.1. Mean Squared Error

B K& 2R (Mean squared error)= CHF e ElEd'd ST 2IE AHF AL El= & 48 0|0

BENMESAE ¢HEol AESHAEH 2ANO|O|E | YE I Halefd =3 & Flol LtE 320t
i

Atol)el M=ol chsll B= & Flst= ZdOolct.

MSE 42 otziet Z L.

QAT Bt E BtCt CEE = &M YA 2 7He| & £ Ato|of Mo|k|= AT o|ct
E55 LAO| "RIHE HERE p 7t OFLIZI O{FH AHO| &8 B X q ol 2HE B, 0421 AFHMIAM
BHOLR| 42 55 7| {Ish 28 olo|E| 9| W x|o|C}.
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CEE 29| A2 of2let ZCt.
Al(6)

F=—)tlogy,
k [7]

(y: 8% E3 O|olH, t: YE B0|8)

ol

oM BEE 8§ 2ol mini-batch 2 042{ C|0|E{E& F£o{ 8t 2Hof X2lst7| W20, orx|2fo=
batch size 0l 1Y 35t= 72| WA HEZR I ZLEO| LA ElCk E&d0] AAE5t7| {sHMH=E o] ZtE 2
DA

%E’% ;L%H %H'E_SF batch | E HAQE ggsl_l-tl'.

3. Experiments

3.1. Experimental Environment

Table 1. Experimental Environment

2G| Microsoft Windows 10
= Jupyter Notebook*
FHekedoq Python 3.5**
AlgdlolE Gym CartPole-V1***
i etol=2 22l TensorFlow****

CIS Table 1 & Ao ALESH AlEEEolCt

4~ fojZEF0IMOR Blole AC, SAl AlZtsiel MHS

’ —

t=|

* ItO[#M(Python)2 1991 4 T2 I HQ! F ¥t 2 4d(Guido van Rossum)O| &£ 8t 132 T2 321
o2, E3E SEM0|H QUHZE[EA], ZAM XM, S ELO|E(dynamically typed) CHE} &

*** OpenAl AFOlM Z8let &2 |8l XM Z 5= Data 2| Carpole-V1 € AFE



Kang, Seo, Lee, & Kang / Korean Journal of Artificial Intelligence,5(1), pp.1-9
o HMEZE(TensorFlow)= 72 ME0| ALSElE HAE(Z|HEE)E fIE LEAAL AZ E Q0]
gtol=e4z2lo|ct.
3.2. Experimental Data
2 =20fM AF88 AH ClolEls OpenAl AtolA Zststas

gloleed2lof Z&El “CartPole-v0“ AFE SIQACH CartPole-v0 2| S EE Z|CH
M2 Q&= Z30|Ct. CartPole-v0 £ Figure 2 I ZH0| 7144 E|o{ QlCt.

met

pole

track

it |
S
Figure 2.Cart-Pole-v0

cart = track 2ol OF&F @10 SZ20|1 cart £ joint 2 pole 2F 23Z4%|0of UL} pole 2 joint &
SR MREAH 3T0| Jts5tH 20| 28 35tod oteHE Ho{X|H Ect. [EkM agent = pole Ol
HOo{X|X| LA E, 22 2Z0q pole o &S ZotF0{oF Ll episode = pole O] F=E0|M 15 &
HO{X[HLE 722 FE 2.4units BFF EHO{X|H| E[H Z LA E|0{4Ct. reward = pole O] M9IX] U=
AlZt Bt 28 7+5HA EICh WEkM reward 74 25 CartPole-v0 2| S E0i 747t Tlck o & 4= QlCt.

3.2. Experimental Result

AZAnE b8 Zoh HX 7|E0 Q-learning & T 2|& 0l MSE(Mean Squared Error)2 &%t

Mean Reward: 11 .8 Totcal Steps: 1056832 P 0. /4000500002005 7

Mean Reward: 11 .21 Total Steps: loa7ae3 p: 0. 744571 0000021077
Mean Reward: 12.24 Total Steps: 107287 p: 0.7392063000002153232
Mean Reward: 12_.06 Total Steps: 109193 p: 0O_.7326e26000002198

Mean Reward: 11 .78 Total Steps: 110371 o O_.7Z28325000002241 7
Mean Reward: 12.2e Total Steps: 111597 p: D .T7Z2281850000022872
Mean Reward: 11.84 Total Steps: 112781 p: O.71749200000022312
Mean Reward: 12.61 Total Steps: 114042 p: O.711815500002278

Mean Reward: 11.89 Total Steps: 115221 p: D2.7084550000024222
Mean Reward: 12.13 Total Steps: 11444 po: O.701l00&50000246&872
Mean Reward: 12.25 Total Steps: 117762 p: 0.62504400000251c4
Mean Reward: 14 .22 Total Steps: 119191 p: 0O_&e8286450000025&692
Mean BReward: 12.5 Total Steps: 120541 = 0 .e2Z570000002e1 294

Mean Reward: 14.13 Total Steps: 121254 p: D.eT7EeZ11500002871E
Mean Reward: 14 _ 42 Total Steps: 122396 p: 0O_&e6e97225000027254
Mean Reward: 15.4 Total Steps: 12493 p: 0.eeZ279250000278328

Mean Reward: 14.14 Total Steps: 12&350 p: D2.e564295000028351
Mean Reward: 14.01 Total Steps: 127751 o 0.6501250000028871

Ipercent [=F guc:esful eElsodesz 12 _9=2397% | |

Figure 3. Success Rate of Mean Squared Error
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Figure 3 0flA & £ QI=0] 100 HO| &t& S S8t MEERS 2 13%9]

= |& ARACt. of2l Figure 4 =
Q-learning Ol &A1&t 4~ WA} E 2 I|(Cross Entropy Error) & M8t &3

Mean Reward: 21.55 Tota Steps: 327002

| . 0999955000033 4036
Mean Reward: 19.56 Total Steps: 328958

|

I

L 0D9999550000335 4036
. 0999955000033 4036
0999955000033 4036
D DQQQQSEDDDDSSADGE
. D999955000033 4036
0999955000035 4036
. 0999955000033 4036
. 0999955000033 4036

Mean Reward: 22.07 Tota Steps: 331165
Mean Reward: 22.54 Tota Steps: 333419
Mean Reward: 21.0 Total Steps: 335519 o:
Mean Reward: 23.88 Total Steps: 337907
Mean Reward: 20.65 Total Steps: 339972
Mean Reward: 22.37 Total Steps: 342209

]

I

]

DDDD

Mean Reward: 21.41 Tota Steps: 344350
Mean Reward: 22.99 Tota Steps: 346649 . 0999955000033 4036
Mean Reward: 22.46 Tota Steps: 348895 0999955000033 4036
Mean Reward: 22.3 Total Steps: 351125 p: D DQQQQSEDDDD&SdDGE
Mean Reward: 21.3 Total Steps: 353255 p: 0.0999S8550000334036

UUUUUD UUUU
DDDDDD

Mean Reward: 20.57 Total Steps: 355312 p: 0. 0999955000033 4036

Mean Reward: 18.98 Total Steps: 357210 o 0. 0999955000033 4036

Mean Reward: 18.52 Total Steps: 359062 p 0. 0999955000033 4036

Mean Reward: 22.13 Total Steps: 361275 o 0. 0999955000033 4036

Mean Reward: 22.44 Total Steps: 363519 p 0. 0999955000033 4036

Mean FAeward: 21.62 Total Steps: JI65681 0. 0999955000033 4036
i

IPercent of succesful episodes: 3S6. 7413 |

Figure 4. Success Rate of Cross Entropy Error

Figure 4 0 X2| 3f& Al 100 #Ho| &S Sl SAMH+E 20| oA o

e | |
MSE ECt 2 3H ML ol =2 HFES ¢S & AL

1
>.
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o
rlo
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w
D
N
u
i
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8 L L L 0 L L L L
0 20 40 60 80 100 0 20 40 60 80 100

(x=Learning times, y=Reward)
Figure 5. MSE(Left) CEE(Right)

3. Conclusion
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2 dFoME 2etdoiM SBAME LS = Us SHALAHE F5510{ onestop 2=
HERE UE = Us AMARE FESUCE 75 E AIAHER2 224 etdstn HE[E SHA
2HZ AMHA MSstD HHM SHME LZHot BEHEMNE Hadste HHED ofti EEE
HTE F7t3¢2 HYQ! #HUS AL835tod 2EtQIM M E-E HFMX| st X2IE = UULCH
Ol 7HeEl £FMH2 ZSYAM UZH|E HZEM paperless AHHO| FSO|BAM e Adxsn
QUBHER zt435 U HRH-HES ZHASIAIZ Zolct Liot7t BIPo|2EHAIR R E SEE Mkt ¢i0]
BHIE RIZ HSe=2M PR EEH &=l AUXIHE sAstn AERIEE HIE £ RUS
Ro 2 7|chElct
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