Evaluation of Game Agent Using Reinforcement Learning
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Reinforcement Learning
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Flow in reinforcement learning
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Action value function

- RREs TOTEIaDMEZEHEE T D EEEK
ATENIEZ 15 5 1= DR EAIFEZ—Q-learning
- (EQ IREEs, {TE o, 2RENR, IS =Ry, FERa L § 5

Q

*Q(s,a) « Q(s,a) +a (Reyq +ymaxQ(setq, ary1) — Q(s,a))
| ot atias s omes (2B D\ TIBERSENQ (s, a) ZEH#T L TV <
D Q-tabledf - ZOQEAL\TQ-tableZz1E&H %
—ERIBRTTRORENTTEEIZ!

12



03 Method

Deep Q Network(DQN) 4

JREEDED K~ Q-tableTERIRL Eh il
- Deep Q Network(DQN)
Q) ETA—TZa—FJ)Lxy ND—=5 2k YiFEl

#+ A B

: DQN®I




03 Method

Deep Q Network(DQN)

- BIER(TENEIRE T 509 (s, a), 178

I DEERs' T BN ELTE

(MEZHMY %0,(s’,a)&EFHL\S.

- DONOEFHITIELLTDO K S I124: 5
Q@ N Q@ + a(R(S, Cl) + ]/mClXQn-(S,, Cl’) _ Q@(S, Cl))

Ella’ D

- AMERHED T — A MNHERETE GOV, LUTOX =T — ’5l

ELTEETS
targetpon = R(s,a) +

ymax(Qr(s’,a’))



03

Method
Double DQN(DDQN ) [

- DQNIZHBIT 5 targetpon R L E=FE

- DOQN T(X{TENER & ME O ¢H U
— Q(s',a") ITEREN H o 1=PRICIBAFT

. TEIEIR & (HE O£ B OBE T 5
L ThIC & YIBAITE £

£0,(s', a) E{ER

15



03

Method

Dueling Network!®!

- QRIZK, RREsOATEFDIBEREITHalZ K> TRE S
BERICDEETE %

- ZORISEBL. Chb20ERES T TEET 2F L
- DQN, DDQN L 4HA S H 8 THERT % Z & AAaJEE

PEREBRDLEYNRT A=V AOBENEEFTES

16



04

):l: j-l.unl:|7

Result

17



04 Result

Comparison result
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DQN vs DDOQN
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DQN vs DDOQN
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DON vs Duel. DON
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