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Study on Deep Reinforcement Learning for Energy-aware Virtual Machine Scheduling

WANG Yangmin, HU Chengyu, YAN Xuesong and ZENG Deze

School of Computer Science,China University of Geosciences(Wuhan) , Wuhan 430078 ,China

Abstract With the rapid development of computer technology,cloud computing technology has become one of the best ways to
solve users’ storage and computing power demands. Among them,dynamic virtual machine scheduling based on NUMA architec-
ture has become a hot topic in academia and industry. However,in current research,heuristic algorithms are difficult to schedule
virtual machines in real time,and most of the literatures do not consider the energy consumption caused by virtual machine sche-
duling under NUMA architecture. This paper proposes a service migration framework of large-scale mobile cloud center virtual
machine based on deep reinforcement learning,and constructs the energy consumption model under NUMA architecture. Hierar-
chical adaptive sampling soft actor criticCHASAC) is proposed. In the cloud computing scenario.the proposed algorithm is com-
pared with the classical deep reinforcement learning methods. Experiment results show that the improved algorithm proposed in
this paper can handle more user requests in different scenarios.and consumes less energy. In addition, experiments on various
strategies in the algorithm prove the effectiveness of the proposed strategy.

Keywords NUMA architecture,Deep learning, Reinforcement learning, Energy perception, Layered buffer
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Table 1 Energy consumption of different physical machines at

different utilization rates

(W)
server ML110G5 DL360G7 DL360Gen9
0% 93.7 54.6 45.0
10% 97.0 87.8 83.7
20% 101.0 98.5 101.0
30% 105.0 107.0 118.0
40% 110.0 115.0 133.0
50 % 116.0 123.0 145.0
60% 121.0 131.0 162.0
70% 125.0 140. 0 188.0
80% 129.0 153.0 218.0
90 % 133.0 165.0 248.0
100% 135.0 178.0 276.0
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Table 2 Super-parameter configuration
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Table 3 Different algorithms and their improved performance

indicators
%5 %A S £ cpu EWNAF B/
B # 2B F 2 F (kw « h)
FirstFit 103 0.832 0. 950 0.803
DQN 103 0. 832 0. 950 0.949
PPO 101. 923 0.829 0. 946 1.048
A2C 101. 942 0. 829 0.947 0.971
HASAC 102. 003 0. 831 0.949 0.829
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Table 4 Different algorithms and their improved performance

indicators in enterprise scenario

o5k TR % EH cpu EWAE R/
I<%: ¢ 4B F o R (kw * h)
FirstFit 74 0.928 0. 780 1.315
DQN 74 0.928 0. 780 1.310
PPO 74,493 0.948 0. 804 1.578
A2C 74,528 0. 949 0.805 1.451
HASAC 74. 980 0.954 0.813 1.513
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Fig. 3 Status of clusters in different steps in enterprise scenario
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Table 5 Comparison between elimination improvement

and original algorithm in general scenarios

g 5k AE % £ cpu EWAHF B A/
¥4 B E Vol S (kw + )
SAC 101. 889 0. 830 0.947 0.971
without_score 102,071 0.832 0. 950 1.048
reward=1 101. 371 0.819 0.934 0.977
HASAC 102. 003 0.831 0.949 0.829
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Table 6 Comparison between improvement elimination and original
algorithm in enterprise scenarios

e 5k AE % E L cpu ENFE B/

’ ¥ A E HEE Ckw + h)
SAC 74.529 0.949 0. 807 1.468
without_score 74.896 0. 954 0.812 1.564
reward=1 74.104 0.943 0.799 1.427
HASAC 74.98 0.954 0.813 1.513

BT U A2 R R S R 1R S5
PAE S5 BT T HJE = A I REFEH b HASAC B £,
R BT 43 X 4 J2 A X BE MR B L 58 AT 55 B A
ANBRIE AR AE T 2 REAE . X2 BN YW 3 E L
b F R BT FE L TR A A S T B X R AR iR A
)B4 R AE B H T AR B A HR T £, I B AL
TR REFE , I & R T 2 1 g

TEAN G 5T IR A Sk R RE AR B TR )
FREEM T M. RO AT 5 B T B B B I, B30 90k 58 R AT 45 52 40
e A T Z RRFE ., BUH B R B E 1 BRI A4
FfE RE BT /0, A SR 58 AR 5 I 0 4 A T 0. 606 M
1. 1% i F 4 AT 55 72 AL I BEFE AR HASAC M Z AR,

LA VL EPIRE B K B HASAC (1 5 — X900 i 9 5 2
B, SRS MRREZ RGBT 2R, AT 4
7452 e VR T 2 SRR A 10D B, R A 3 I b i e TR
2 pify o) S LA AT AR A T

o T WG A2 FRATT Y Bk O R T A T AT R A5 R
BB T S BRY actor R BEAT LR EE R ANE 4 FIE 5 BT
. HEWR T HASAC JL-F#6 7 B &2 A9 2% 10 B0 A
He /N BB (G I 46 2045 H Al 3 B 7 35 ) Nk i 8L 401 0k 1 A
R R AT L2 B AR FEE £, BT L HASAC 7 & R M5
RET LT PE B BT PLE R #B THEZHNE
B R BE AR DAL T A, e 2 7 A T B ) R AT

i HASAC
sl reward=1
wpine SAC

without_score

actorffi KA

BRE3B8BE
8L BLSE

1150

8
HRAHK
B4 — e PR HS actor BRI R

Fig. 4 Relationship between the number of iterations and actor

1500
1650
1850
2050
2250
2450
2550
2750
2950

losses in general scenarios

actor LK fE

e HASAC

s reward=1

e SAC
without_score

2050
2250
2450
2550
2750
2950

~~~~~

Bl 5 Akt TR EE actor HH R 1 K &R
Fig.5 Relationship between the number of iterations and actor

losses in enterprise scenarios

HRE REIANLE R, = 3505 B A0 A0 5 L
M 25 MRS AR B B T S B i T 3% B BUAT Y NU-
MA 2K A B B REAE ST A5 . AR SCHE NUMA Z8 49 1 S ity L
FIA cpu FI T BEREARL L, 5 7 BOUR X 28 €4 (R B 916 26 22 5F 1Y
.

BA SR AL 27 T 7 15 B 0 A6 T 2 B A o T S Bk
AR TRERRERERE2RER . A SCIR AN 2R % X,
X RITPUIE HEATIT 70 B BRI U ZR I A 42 Ja 2 J= YOIR B AR
PO BORKE  I2UR 45 R W] X B 20 )2 G2 o DX g i RE 52 ) £
AT 55 ELSEIN TS B8 B A [ 37 S5t AT AR A5 280, &8 B PR AU

S AR SR L R TR BB T — B RUCR L HBLT R
TAT B X 019 2 /N RS 136 0 B 32 AL B8 o OR ok 2 R = il e KL
AR SEL AL R L i A

2 % X m

[1] DUAN W,HU M. Overview of Cloud Computing System Relia-
bility Research[J]. Computer Research and Development,2020,
57(1):102-123.

[2] HE D.CHEN L.LIANG J.et al. NUMA-Aware Contention
Scheduling on Multicore Systems [C]// 2021 16th International
Conference on Intelligent Systems and Knowledge Engineering
(ISKE). IEEE, 2021:452-457.

[3] CHENG Y,CHEN W,WANG Z. Performance-monitoring-based
trafficcaware virtual machine deployment on NUMA systems
[J].IEEE Systems Journal,2015,11(2) :973-982.

[4] BISWAI N K,BANERJEE S,BISWAS U. An approach towards
development of new linear regression prediction model for re-
duced energy consumption and SLA violation in the domain of
green cloud computing[ J]. Sustainable Energy Technologies and
Assessments,2021,45:101087.

[5] MA O,JIANG X,JIN G. Heuristic dynamic threshold algorithm



FA B A5 < T 1) BE VRN A RE DUHL IR TR AL~ o) TR S R TS

299

[7]

[8]

9]

[10]

[11]

(12]

for priority inversion suppression of LEDBAT protocol []J].
Computer Research and Development,2020,57(6):1292-1301.
REN H, WANG Y., XU C. Smig-rl: An evolutionary migration
framework for cloud services based on deep reinforcement lear-
ning[JJ. ACM Transactions on Internet Technology (TOIT),
2020,20(4) :1-18.

KRUEKAEW B,KIMPAN W. Enhancing of artificial bee colony
algorithm for virtual machine scheduling and load balancing
problem in cloud computing[ J]. International Journal of Compu-
tational Intelligence Systems,2020,13(1):496-510.

RAGMANI A,ELOMRI A, ABGHOUR N,et al. FACO: A hy-
brid fuzzy ant colony optimization algorithm for virtual machine
scheduling in high-performance cloud computing[ ]J]. Journal of
Ambient Intelligence and Humanized Computing, 2020, 11:
3975-3987.

TARAFDAR A,KHATUA S,DAS R K. QoS aware energy ef-
ficient VM consolidation techniques for a virtualized data center
[C1// 2018 IEEE/ACM 11th International Conference on Utili-
ty and Cloud Computing(UCC). IEEE,2018:114-123.

WANG Y, LIU H,ZHENG W, et al. Multi-objective workf{low
scheduling with deep-Q-network-based multi-agent reinforce-
ment learning[ J]. IEEE Access,2019,7:39974-39982.

ZHANG S, WU T,PAN M,et al. A-SARSA: A predictive con-
tainer auto-scaling algorithm based on reinforcement learning
[C]//2020 IEEE International Conference on Web Services(1C-
WS). IEEE,2020:489-497.

LIU L.XU J,YU H.,et al. Joint Admission Control and Provi-
sioning for Virtual Machines[ C] // 2015 IEEE International

[13]

[14]

[1

9

]

Conference on Communications (ICC). London, UK, 2015 332-
337.

HU K,LIN W,HUANG T,et al. Virtual Machine Consolidation
for NUMA Systems: A Hybrid Heuristic Grey Wolf Approach
[C1//2020 IEEE 26th International Conference on Parallel and
Distributed Systems(ICPADS). IEEE,2020:569-576.

SHENG J,HU Y,ZHOU W. Learning to schedule multi-NU-
MA virtual machines via reinforcement learning [ J]. Pattern
Recognition,2022,121.:108254.

OH Y, KIMIN L, SHIN J. Learning to Sample with Local and
Global Contexts in Experience Replay Buffers [ C] // Interna-

tional Conference on Learning Representations(ICLLR). 2021.

WANG Yangmin, born in 1999, post-
graduate. His main research intrests in-
clude reinforcement learning and evolu-

tion computation.

HU Chengyu, born in 1978, Ph.D. pro-
fessor, is a member of CCF ( No.
40126S). His main research interests
include evolutionary algorithm, rein-

forcement learning and cloud compu-

ting.

(SEAE S 48 - AT B0



