Fa4 kS
2022 4E 10 f

/IS B A NI S
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

Vol. 44 No.5
Oct. 2022

doi;10. 11887/j. en. 202205011 http : //journal. nudt. edu. cn

SHEXRMERPTRARERAREZE

2T, 5P ,ERXK

(z T kP AN FERRFREMHFR), #Hx M 310023)

W ARG T IT A A SRR P A A EE AR B B AR S T AN R AR A (1 e B R R R
B, SRAJZW M (analytic hierarchy process, AHP) ST T s L SEPENFE VIR R, T 3A5 BI A8 PRI 1)
UEAEE IRl T BP 2 20 W G AL ATk . IZRI  BP 44 Ah SR RIS AT P R AR 11 0 S i B U
B T R BT R A I 25 5 8 AR B A AR A B 1T AR AR A S SO F8 AR 1 AR A R
Y5 F W, T AHP F1 BP (9795 f000 Se S A AR B LS v B o A7 19 s e RE . A EE T Spark BRIAFE LA
P AR AR B R, il PRI J5 BT S0 e mT DU Sk B i A ek Bl o 3847 A i) T4 B A M ) 67 3k
BBV MR RE A2 BN HR R T 16. 64% F1 9. 76% ; Ab #AH [a] T AF &5t 1 A ) f kst A BE 7 X PR e oy Sl B i 1
12.49% F11 6. 54% |,

KBEIR Z T s BP M M2 5 5 5 I e s AU ; Spark

HESKE. TP TEAREA:A  XEHS 1001 -2486(2022)05 - 102 - 12

Node priority optimization in distributed heterogeneous clusters

HU Yahong, QIU Yuanyuan, MAO Jiafa
(College of Computer Science and Technology ( College of Software) , Zhejiang University of Technology, Hangzhou 310023, China)
Abstract; Node priority is often used to evaluate the performance of heterogeneous cluster nodes, and it is of great importance to provide
suitable weight for each priority evaluation index. The AHP ( analytic hierarchy process) was chosen to establish the evaluation index system of
node priority, and the initial weight of each index was calculated. The BP (back propagation) neural network was then used to optimize the weights
obtained by using AHP. The input of the BP neural network was the node’s performance index values collected during execution of cluster, and the
output was the corresponding priority of the node. After the network training, the weight matrix was obtained and used to calculate the optimized
weights. The experimental results show that the cluster node priority evaluation model based on AHP and BP can evaluate the node performance
more accurately. Compared with the default resource allocation algorithm of Spark and the comparison algorithm with unoptimized weights, the

cluster performance is improved effectively by using the node priority optimized. When running the same kind of load with different amount of data,

the average cluster performance increases by 16.64% and 9.76% ,

respectively; and when running different loads with the same amount of data,

the average performance of the cluster increases by 12.49% and 6.54% , respectively.

Keywords: analytic hierarchy process; BP neural network ; node priority; weight; Spark
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Tab.9 Values of static factors for nodes in Cluster 1

CPU i/

o WIPRR/ AR/

R12 RFE1T28 s EREMBE T RBTHIER
T RIMER

Tab. 12 Performance data and priority of each node

A GHz PU B3 GB GB after the system runs for 28 s
Master 2.60 2 5 63. 14 CPU | MHNEHE ®EH CPU =
EENSS
Slavel 2.60 2 4 32.01 R/ Y BF/ Y% FFE/ % IR e gk
Slave2  2.60 1 3 32.01 Master ~ 4.60  2.31 38.85 4.16  0.15
. _ Slavel 41.00 41.18 58.21 0.24 0.34
R 10 £82 TRBSERERE
Tab. 10 Values of static factors for nodes in Cluster 2 Slave2 8.10 9.28 52.30 1.22 0.14
N CPU i/ AR WA Slave3 58.30 17.59 53.53 0.95 0.27
I CPU #% %%
GHz GB GB Slave4  10.50 3.48 32.84 1.58 0.10
Master 2.60 2 5 63.14
Slavel 2,60 2 ! 3201 3.3 BP#HEMENERLAREEIRERR
Slave2 2.60 1 3 32.01 I
Slave3 2.60 2 4 54.12 S . . N

3.2 BP HIZMERUNERTENERZNE

FIFH AHP 35315 21 19 45 45 b5 90 1A AL W0
X (4) fiis . SE86 il i BP bz W 45 £ L )5 1)
A AT 455 M PR AN 43 1

1) £ R LA AEIZ 8 iR,

2) # SIS RAE N 0.371 5 F10.628 5,

3) KA R CPU B\ CPU &8 WAF %
SR 45 7% B W ALCEE 43 93 0,135 7.,0.268 1,
0.549 9 #10.046 3,

4) %A R CPU FIARH NI R F
B 42 % CPU 2% 1 BLFE 43 )k 0.284 6,
0.507 0.0. 145 4 F10. 062 8.

F RN 12 B0 T AR 2 45T )
SIS R E AR PRMEMEE (T 558 TS L. S0
i T RAE RN 4 GB ) TAE 12 Sort, e CPU
TR LT AT S AR . et
B AR BP # 2 M2 Ak G AR . i)
PAE B, BE AR 55 P T, 25T s P e g &
ATk

Rl ESHABEEDESHERERT RRLERNBERE
Tab. 11 Initial performance data and priority of each node
" CPU | NFFH iR CPU A

RE Do RFE/ Yo RFE/ T T MR
Master  34.70  26.18  38.85 1.36 0.21
Slavel ~ 97.80 49.17  58.21 0.24 0.27
Slave2  44.60 24.21 54.23 1.22 0.18
Slave3  69.50 33.91 54.94  0.95 0.25
Slave4  10.30 24.06 32.84 1.48 0.09
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WK 1 JF 54 A2 5 4 BigDataBench™ 71 51
e FE T = A TAETER, 435128 WordCount , Sort
H K-means
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M, AN ERBE L BT R AT 0 S8 AR [R], 35 AH )
B AN [) AR B 48 5 58 A0 AH [R] T AR 7 204 ]
B L0 . S TSI B 0 v M g R S
B EAT S UOF LRI E], DL S Y -F- 281 Dy e ¢
SLIRER
3.3.1 ABR) TAE i HOR R &4 2 09 52 i

ARSI b B TAF 171 20002 WordCount, 525
AN [) B0 ) 508 52, 40 3o 2 GB L4 GB,
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IRaE A B 8 A THERE 2 BYsLiss

H 7 FE 8 v LA F, 3B 45 H R A 4k
B, s BP i1 22 9 2% AL AR 1Y) SDASA 55 i H]
Spark BRIAEL VLA AHP W) HAFLE 1) SDASA AL,
55 BT I (R R IR 4R 8. 3% 13 25 T B4R
XF L Zs R

MR 13 AT VAR, AR AR R A R,
L7 1 AL, 5 Spark BRIASA L AH Ho M BEF- 34
$&T& 12.72% 5 5 SDASA B4k AH [ 7 ¥ 42 Tt
6.57% . S/ 2 B, 5 Spark BRI\ LA L MERE
FIIHRTE 16. 64% ;5 SDASA L AH P B4 T
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Fig.8 Comparison of execution time under

different data sizes for Cluster 2
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Tab. 13 Cluster performance comparison under different
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Fig. 10 Comparison of execution time under

different workloads for Cluster 2

HE 9 FiE 10 /T LA #6171 S e AR
fbJ5 1) SDASA 5 Spark B 1A R & 575 A fif
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A Tab. 14  Cluster performance comparison under
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3 17.12 9.43 12.72 10.08 3.91  6.57 SRR 5 Spark BRIk 5] AHP 31 BEALE R
5 2411 12.19 16.64 13.96 7.46 9.76 i LRLLA SDASA Sk HAx
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R T LN SRR LS PP AR bR A A EE X
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3 13.89 10.13 11.90 6.24 3.08 4.30
5 14.20 10.22 12.49 7.52 5.10 6.54
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