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1.4 @8

743 st (reinforcement learning, ©13} RL)[1] €¢3el& L vl2 3= oALAA 3 (Markov Decision Process,
o]3 MDP)[1] 299 Fedo] 59 B4 §48 ¢x £z I4 L 5T F ATdE FHo] Y= vy,
2 HA R A FEHUE Sdo) Ut A3 wHE £ £5F FAANIHE AFE HANA BEEHA
olFojA 3 v}, H I “TE" A (supervised knowledge)E 738 &9 AR §@3d £¥ £ 8 4
A71#AE 977 AYHo] sitd, 3] Chang [2] € “potential-based reinforcement function” & o] §3ld 7=
x4g g3 ‘l’h; 718 (013} potential-based RL 7]".!1)E AANBRA ol v S (multiple learning) &3
expert adviceE & ZE X402 33 o FHHE AL A5EA ‘;1"7 olde AFE 2A 2 ol&FHY
Y RHYo =9 T% g g3

€ =894 potential-based RL 71¥& A& WEHIAMY A &F 441 FLa) 488 UES
33 AR F e ALY £ ATHA U7 @), Z o) P F&HA Ad T FAE A& W)
Eda gAY 3¢ w2 0174%1 gt 2 49 AQ 8% 7190 MAXAVAIL[3]E expert2 AME3H:=
potential-based RL 71¥t9} B3 @ €3 7'& FCA, Q-Learning based dynamic channel assignment[4],
MAXAVAIL g €% 71el vs] B} a&do2 fEe I3ech =3, 23 g5 71809 438U 4%
H|2E B34 potential-based RL 7180} Q-learningd] &) HZ Ao} ©) WM=A $EFL RAT

2.8 8
2.1 Potential-based RL 719
Potential-based RL 71§ SARSA(Q) & 719[1]L Al&3t: 7|2 do]AE(base-agent)? Q-learning,
SARSA(N) 59 & 718 & AM88t: 3y ol g9 MY do]AE(subagent)E TAFE, 7] ZE 4& A
F3HE Uy expertyt #7418 £ Utk MBHojAEES] th4 & (multiple learning)Eo) ¥ @ #{119 F
A X9}, expertE] 9 #E AL potential-based reinforcement function[619] )& 7]& oo]HES
Fofl 4%¥< A MDP M = (X,4,PR)°| FoRHtn & W Potenrial-based RL 71¥olA @ z< @ulolE
T4 e ohgd Fr

Q+1(zps 0)—Q (2, a)) +a,(z,, a)|R(zpapz, 1) +1B(x, 1)) —8() +79Q (2,415 Gi1) — @l ) ]
o] SARSA(0)Y ddio]lE FA[1]o) potential-based reinforcement function $& 27}% ZelH, mAY A
BoolHES /]9 expertEo] Yttu & o = "4'-9--4 Ze] Fodd(2].

BTy tyy ooes by Spyeeny) = 2 ZQ, (zy, 0) X 0(zy, @by, ooy By Spser8y)

a€A
Q. -¥FE HEAE 7} A GAF AYE AHREA BEatE Q B4 oMY 33 Fe TR B

expertE& YT ES AT Ao U@ 85 Ex9 Fg2 /& oo]AE expert adviceES AA T} A o
VA 8z, aity, vy tpSprensy) E THET} Zro] FojRAT}

® o] =EE 20074E FRCEHIEDY AU FIIRATe) A4 wol £9° A7YNo. RO1-2007-
000-10511-0).
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El(aeargmax(EAq:(J:,, b)) 2 ot (z,a)
O(ry, @ity vy by 810008) = L=1m x 1v=1’
by Z[(a' Sargmax,e ,Q; (z,, b)) 2 Y (zpa)
a'E4 i=1 a'€4 i=1

Pﬁk(wna)f AEZ 5,78 B 004 HF a8 9 FFo|T}, potential function & = T3} m7Ne A B
NHEE 479 @ ¥49 A RS expert adviceS L 71& ofo]HES] AHolE FAo ukgg 5 glon,
t—ooo] wet 712 oo]AE SARSAO) 98t & ¥ policys H3 A H(optimal policy)o] 2@ aHA g2l
2.2 Channel Allocation in Cellular Network

Cellular network®] AQ €3 FAo] 99 Potential-based RL 71§ BE5UT. o= Q-learning based
Dynamic Channel Allocation(°]3} DCA)[4]& potential-based RL 7%+ DCAZ 3|7 Ao 2 M, Q-learning
& ARBsl: MHoo]AES MAXAVAILI3] & AFB8HE expertZ F45o] Utk MAXAVAILE Cellular net-
work®] AY ¥ EAE HFH: 2 g SnPdSoly,

3.3 &

¥ (21T Zo) 77 AY §74Y9) cells2 TAEY, 70748 AYL 74D AEY VYESIAE RGO
o, 718 87 AL [4]9 5YHA AYsQc}

Traffic|Q-learning| FCA |Maxavail

P e
Based RL

e 3 Loarting
— PotentiatBeseo RL IR

0139% | 1.750% | 0.086% | 0.102% 05

5

6 1.766% | 4.101% | 1.344% | 1.090%
7 5.708% | 7.570% | 4.673% | 4.590%
8

9

B2 Total Reward

10.235% |11.724% ) 10.004% | 9.433% 3

15.076% |16.409% | 15.014% | 14.303%

10 | 20.216% |21.196% | 19.824% | 18.983% o2 s s 6 7 8 9 W0

4
State Transition Time 1ot

(29 1] Cellular Network [£ 1] Blocking Probability ¥]3L (29 3] ¥ 94 wa

Cellular networkel X9} g ¥ Fn2)Ee) 4% AXQ blocking probability?] We ¥ s, FCAS}
Maxavail& 5AIZH5<t Z2kel Ad @9 7182 9% 3 blocking probability® =389, Q-learning-based
DCA®t potential-based RL& H4% DCAE 15At5¢ Z2te] AAL 4T o, Y AHL ALRalo 5A1¢
T A 8L +AF A blocking probability® AT [E 1104 B 5 S0l potential-based RL
€ AH4E DCAY A$ Uniz] A Ag 8% sy ge blocking probabilityE B Y€ € 4 Ut} o=
He) A €7 71YE F potential-based RL 7ol 713 A&Ho2 Ade THPTE RE F89, Maxavail
& expert2 AMEF potential-based RLo] 71&9] 78 &40 A5 L FAARSL Aoz Z9% Aot}
[2¥ 3]& Potential-based RL 7|2 A& DCAS} Q-learning-based DCAY 47 AL Hmg o)
o 11x10* el 4 Holg AR 23} potential-based RL 7}'#0] Q-learning®] B#1A @& HF total re-
wardgh& Bt FEYE NBFL G4 B$ Q-learning® potential-based RL 7|1W& 2% HA FAo] &7
8% Z& AT total reward® A HUH2). waH L ARSY U ZANA 439 E& 9 poten-
tial-based RL 71%§¢] Q-learningol ¥l3te] & BF total reward@ < BUYE= AL potential-based RL 71
°f A Ao Q-learning®t} o M2A +FPhs AL E@h F o] APL 54 potential-based RL 7
Yol 71&9) A3 59 452 FANZLL FAY 4 qlok
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