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Abstract Although the rapid development of cloud data centers has brought very powerful computing power,the ener-
gy consumption problem has become increasingly serious. In order to reduce the energy consumption of physical servers
in cloud data centers.firstly the virtual machine placement problem is modeled by reinforcement learning. Then,the Q-
Learning(A) algorithm is optimized from two aspects:state aggregation and time reliability. Finally, the virtual machine
placement problem is simulated through cloud simulation platform CloudSim and actual data. The simulation results

show that the optimized Q-Learning(A) algorithm can effectively reduce the energy consumption of the cloud data center

compared with the Greedy algorithm,PSO algorithm and Q-Learning algorithm,and can ensure better results for diffe-

rent numbers of virtual machine placement requests. The proposed algorithm has strong practical value.
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Input:Requested Discount rate Y, Learning rate a,Step number A
Output: Q table
1. Initialize Q(s,a) =0,and s€ S,a€ A(s)
2. While Iteration is not terminal
3. Initialize E(s,a) =0,and s€ S,a€ A(s)
4. Initialize state s and action a
5. Fori=1 to A. size() do
6. Take action a,get immediate reward r and next state s’
7. According to the strategy generated in the Q table (e. g
e-greedy) ,action a’ is taken from state s’
8. ety mﬂaxQ(s',a/)*Q(s,a)
9. E(S,a)‘*ﬁ(s,a)‘Fl
10. For all s€S,a€ A(s) do
11. Q(s,a)<Q(s,a) tacE(s,a)

12. E(s,a)<vAE(s,a)
13. EndFor

14, s<s';a<a’

15.  EndFor

16. EndWhile
17. Return Q table
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Fig.1 Execution flowchart of improved CloudSim

ik 2 eI VMP Bk
Input:Requested all physical machines HostList, VM that needs to be
assigned

Output: The destination of VM

1. Get CPU utilizations of all physical machines CPUList

2. Initialize state aggregation list convertList, total energy consump-

tion value totalPower

3. Fori=1 to |CPUList!| do

4.  Use state aggregation to convert the CPU utilization of a physical
machine to a number between 1—9

5. Add the conversion result to the convertList

6. The energy consumption hostPower of the physical machine is
calculated by CPU utilization and energy consumption model
PowerModelLinear.

7. totalPower+ =hostPower

8. EndFor

9. Pass state convertList and reward value totalPower into the algo-

rithm Q-Learning(A) for calculation and selecting action PM

10.  If VM can be placed on PM then

11. Get mapping (VM,PM)

12.  Else

13. Pass penalty value into the algorithm Q-Learning()) to recal-

culate and select action

14. Re-execute line 10 of code

15. EndIf

16. Return (VM,PM)

5 MEXWSHERDH

5.1 HEWFE
AR H CloudSim4. 0 %t VMP [a] 8 3 47 {5 B 52 4% , @
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SR s E HUHE vh U B REFE B/ MK T A M . 7 B R AR 4L
T —A45 300 & 5040 9 B 3E ML A BOHE ot L b g B AL 4%
B8 HP Proliant ML.110 G5, HP ProLiant DL360 G7 il HP Pro-
Liant DL360 Gen9 3 Fi2S RIS 35 434, HLAR I & S8k 1 F7
G, [RIEFR T PRAE 25 5 0% B SEPE AR SCIE B Planet Lab $2 45 (1)
200 B H S BHLAE — KNIy CPU F FH R ¥, 3+ B e
REHLEI A 15 B 5% Amazon EC2 [ 52426 51000, i LML %L
4% BE LA B AR ST 3 40 B O NS & a3k 2 A

# 1 YEHEE

Table 1 Physical machine configuration
sy 3841 HP ProLifxfn HP ProI,ifir)I HP ProI:iam
MLI110 G5 DL360 G7 DL360 Gen9
4 3 # /Mips 2660 3067 2300
0 2 12 36
M #/GB 4 16 64
# %/ (GB/s) 1 1 1

*2 B E

Table 2 Virtual machine configuration

& AL Large Medium Small Micno Nano
A FE % /Mips 2500 2000 1000 500 250

M % /GB 2048 2048 1024 1024 512
# 5%/ (GB/s) 1 1 1 1 1

AN 43 5 LB R AR Greedy JE i KA H 2 PSO
(Particle Swarm Optimization) LA K 38 1k %% 2 .75 Q-Learning
Al Q-Learning () 7 VMP [a] 8 1 (1 e #E , Horp PSO B k. Q-
Learning B %l Q-Learning () B3k S50k B a3k 3 frd,

®3 HEENSERE

Table 3 Parameter setting of each algorithm
HiE PSO Q-Learning Q-Learning(1)
# R A # Iteration 100 100 100

FIEFE 0.8 0.8

i F 4y 0.9 0.9
EHFAHEA 1
HFMHBEN 300

BN E w 0.1

A B F ocp ey 2

5.2 ELIERNW

TESRAL 2= 2 h TN y B9 WUE RT DL B0 e SRk Y
BUEE R, M r=0 B, Q-Learning (1) & ¥ 1 2% & BN I 22 J5h , i
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B 2 7R S A% SCHEAH RTS8 37 B8 R X6 R [l 47 411 % o fE 2 A7 5%
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SEG PR AL S B IT IR S — 1 E N 0.9,
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Fig. 2 Average total energy consumption diagram of Q-Learning(1)

algorithm under different discount rates
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Relation of state aggregation and convergence results
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Fig. 4 Relation of time reliability and convergence results
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Table 4 Average convergence values of algorithms

Q-Learning  Q-Learning() Greedy PSO
1 3.88%10° 2.49%x10° 6.46x10° 6.31x10°
2 2.42%10° 1.82%10° 6.46x10° 5.38x10°
3 2.26%x10° 1.82x10° 6.46x10° 5.23%10°
4 2.22x10° 1.83%10° 6.46x10° 4.97x10°
5 2.12x10° 1.83%10° 6.46x10° 5.17%x10°
6 2.20x10° 1.84x10° 6.46x10° 5.01%x10°
7 2.16x10° 1.83%10° 6.46x10° 5.27X10°
8 2.03x10° 1.83%10° 6.46>10° 5.32x10°
9 2.06x10° 1.84%10° 6.46x10° 5.59%x10°
10 2.07x10° 1.83X%10° 6.46x10° 5.29%10°
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under different virtual machine numbers

5 OFHABTEAREMYLECE T M REFEHE

different virtual machine number

Energy consumption values of each algorithm under

Q-Learning  Q-Learning(2) Greedy PSO
50 0.51x10° 0.11x10% 1.56x10° 1.54%10°
100 1.04x10° 0.92x10° 3.06%10° 3.18%x10°
150 2.36x%10° 1.12x10° 1.89x10° 3.98%x10°
200 2.74%10° 1.91x10° 6.39x10° 5.97x10°
250 3.48x10° 2.08%10° 8.01x10° 6.91x10°
300 4.03%x10° 2.42X10° 9.11%x10° 8.06x10°
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