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2.1. Q-learning
g7 (environment)S ®A k= o o] [ E(agent)7t A

o] AbE|(state)E ¢l12lete] EA HAM(action)S &t o

o] M E(agent)= 7 (environment) . 2 2-E R A (reward)
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A= Q-learning ¥¢1gF9] IH5S Fal HiH(reward)
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Q(state, action) = R(state, action) + gamma

* Max/Qext state, all actions)] ¥
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e

duelE 1. AHl = Aol AR A duglE
1. newSFlsrclldst] < G=(V, E)
2: s < source, d < destination
3: while ( V,=g )
Find possible all SF, = allSF,
for all s€ allSF,
for all d&€ allSF,
if (d==Next sF, )
s=src, d=>dst
update newSP
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AA ANz, FAY WA FH, AHl 2 =& ARRFS SAHT
th odg =70 wEl BAR) S FARAIAY F1
A ZIEH6]L oo w2} WAH"  R-MatrixE 7|Wre®
Q-learning ¢arg]l&Fol ALl Q-Matirx &S 7=

s

T 1 W Y on Ao A, B3] dgFF Aux =20 eI E g QSE
L i Bl 1HF AHl= A2E 7 F At
G=(V,E) | EZEX
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SP = SF—SF— - —SF,
SE, Aul2 75 2”2
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dagFE 12 Al 7Hed EE AHl2: Alold A=

1. Q-Matrix < 0
2: R-Matrix < Reward(newSP)
3: while

4: while ( Iterated n times )

5: Select a random state S

6: Find possible actions and Select a random action A
7: S = Vsrc, A = Vdst

8: if ( Vdst == Next SN i Goal state )

9: if ( P7,> Last PT,&& LT.> Last LT, )

10: if ( cBW>tBW,x0.8 && cCPU,> Last cCPU, )
11: R(Vsrcl[Vdst] value is R[VsrclVdst] *0.5
12: else

13: R[VsrcllVdst] value is R[Vsrcl[Vdst] *0.9
14: else

15: R(VsrclVdst] value is R[VsrclVdst] *2

16: else
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17: R(VsrclVdst] value is R[VsrclVdst]
18: Update R-Matrix

19: Compute Q-learning Algorithm

20: Update Q-Matrix

21: Update SP
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