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Virtual Machine Consolidation Algorithm Based on Decision Tree and Improved Q-learning by
Uniform Distribution

SHI Liang'* , WEN Liangming'* , LEI Sheng"* and LI Jianhui'
1 Computer Network Information Center,Chinese Academy of Sciences,Beijing 100090, China

2 University of Chinese Academy of Sciences,Beijing 100049, China

Abstract As the scale of cloud data centers expands,problems such as high energy consumption,low resource utilization,and re-
duced quality of service caused by sub-optimal virtual machine consolidation algorithm becomes increasingly prominent. There-
fore, this paper proposes DTQL-UD,a virtual machine consolidation algorithm based on decision tree and improved Q-learning by
uniform distribution. It uses the decision tree to characterize the states and selects the next action by uniform distribution when
evaluating the next state-action value. At the same time,it can optimize decision-making with real-time feedback directly from the
state of the cloud data center to the virtual machine migration process. Besides,aiming at the difference between the simulator and
real world in reinforcement learning,we train the simulator by supervised learning model based on a large amount of real cluster
load tracking data to enhance the degree of the simulator. Compared with the existing heuristic methods,experiment results show
that DTQIL-UD can optimize energy consumption, resource utilization, quality of service,number of virtual machine migrations,
and remaining active hosts,by 14 %,12%,21%,40% ,and 10% , respectively. Meanwhile, due to the stronger feature extraction
capability of decision tree on tabular data, DTQIL-UD can learn better scheduling strategy than other existing deep reinforcement
learning(DRL) methods. And in our experiments.as the cluster size increases,the proposed algorithm can gradually reduce the
training time of traditional reinforcement learning models by 60% to 92%.

Keywords Cloud resource scheduling, Virtual machine consolidation algorithm, Reinforcement learning, Decision tree
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LightGBM 99.99 0.7861
XGBoost 99.99 0.3696
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Table 3

LI RAR Qs

Host configuration

Hardware configuration
Intel Xeon E5-4669 v3,2.1GHz,2 core.4 GB
AMD EPYC 7551P,2. 0GHz,2 core,4GB

Physical host
ProLiant DLL560 Gen9
ProLiant DL325 GenlO

F4 RV E
Table 4 VM configuration

Size Large Medium Small Micro
CPU/Mips 2500 2000 1500 500
Memory/GB 3.0 1.5 1.0 0.5

x5 EHLIFERIL

Table 5 Host power model

CPU Power consumption/ (kW « h)
utilization/ %% EPYC 7551P Xeon E5-4669
0 61.7 86.3
20 105.0 218.0
40 127.0 289.0
60 145.0 340.0
80 161.0 433.0
100 181.0 557.0
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Ui 5 A B TR HREA i 2 5 00 A OHE Q 24 ST Y B SRR 5 Bk 41

B PO IR B Y B AR IR R T 2018 AR KA 8 K
AN TR 2 £ 0 25 4% R B 4R 3H BAT 55 12 4 000 & IRk 55 4% 1
CPU #I RAM gl 2k . 7% 52 56 B3 4 o Bl ATL 4ol L[] — )
V) JE) 80 P9 AS T] R UL % 7 1) 670 8 S iR AT A 5 3R
5.2 xtbk Ak

AR AR HE AU ML 3 5 A HE B0 ML T R A )L SR A A%
Gt ) K SO EE T 08 B A 28 I 45 19 58 A 2 > B39k i A7 6 L K
B 6 T L AT 55 v B FE AL S RS DU ] A D0 R FHHE B 45 T
t#ﬁxﬂ*%mWﬁwﬁ&WT

(1) T WLt 36 I - 38 5 45 A2 A0 1 245 10 1 oF 40 BT 24 iy 32 bl
JE A AR, 2 AL A AT — 4 B IR T R A B B8 %
R I B A k. 9250 T B S A S B KR I E R
Thr(0. 6), Thr(0. 8)F1 Thr(1),

) BRIMLEE Y E VLT A TR Rk Rz E
HL I 35 BLAS 14 HE AL LA /5 S B8 . AR S 50 e TR 3= 3k 1) B
MLk £ (Random Select. RS) | 5 {& F] H % (Minimum Utiliza-
tion, MU) Fl & /N iF # W} [8] ( Minimum Migration Time,
MMT) 3 FiJy ik 5 H Al T £ 5 0 e ifb 47 28 Xl & 9046, H
H MU Jy ¥ 18 5 24 B 5 IR 28 e IR Y KR 0PL, i MMIT Jr
DB i a0 B R AUAL . R TR Ak 2 o) SR K R
ULATL T2 93 R A I R O A 3L DR Ob B Ak 2 ST T 1 T
A A BB .

) M PIHLE E A SR T W IT IR 2 F A& Open-
Stack HH F A W P R 0L AL 00 E O W, A4 1 UCGE B (FF)
FIRE ¥ 15 Y& B (FFD)

(1) D3QNE 3 55 v ZR 4 TR 2 > IR BE Q P 4% 4
%! (Dueling Double DQN,D3QN) , 7E JFUIR & Q M 4% 42 g JL il
3 R 2 S A S O A e ORI (L R B S T T
T i — 2P AR AL 2 > b Q E 9 b Al T Il i, 2% B3
SR YIS v B B4 Ao 3 9K T8 1R) B, AR SC 45 36 I ResNet fE2h
D3QN A1 25 [ 2%

WAk i T DTQL-UD S AU AE Q {8 3 8 2 b #E 47 2k
B, W DTQL-UD 5§ DTQL =48 [W (9 8 24, R uf, &
SCHET R 1 Y 2 Pl Il 5 R A2 A5 ) 58 AR IR R TR 2 )
H MR LB N 3 PR . Hrb B 3 20 0P A 48 4 181 3R R it
EE S e e R T A e NI O T N 4

HREFEAR A F «=0. 9, W IR H R 450K F p=4.9,IF1%
3 A MAUE AL R, BERSEEENESERE
s 6 fig,

10

@m
-
i

o ——— o
0
B REARE ek Mﬂ)ﬂzﬁ
) [¢:9) G GeAt
NGRS A=k

&1 3 [l A ESCHE 4R rh RRAE R U5 R P 3 i) 25 Tl {4 4k IR
Fig. 3 Reward value boxplot for energy consumption and resource

utilization in regression datasets
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Table 6 Algorithm hyperparameter setting

Hyperparameter D3QN-UD D3QN
Energy reward scaling factor « 0.90 0.90

Utilization reward scaling factor 4.90 4.90

Exploration rate e 0.01 0.01

Learning rate of agent a; 0.99 0.99

Discount factor ¥ 0.95 0.95

Learning rate of decision tree a, — 0.10
Decision tree depth d — 8.00
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Fig. 4 Comparison of average cumulative rewards for two RL

models and their improvement strategies
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